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Abstract

Training robust fingerprint recognizers is constrained by
privacy regulations and limited intra-class diversity in pub-
lic datasets. We propose a controllable fingerprint synthe-
sis framework built on Stable Diffusion with ControlNet
and a Multi-IP-Adapter derived from IP-Adapter to gen-
erate structure-consistent, style-diverse fingerprints condi-
tioned on a content image. Our design supports two modes:
(i) augmenting a real identity with diverse sensor styles,
and (ii) privacy-motivated synthesis using virtual identi-
ties sampled from a DDPM prior to reduce direct depen-
dence on real identity data. To enable fine control, we
introduce ridge-scale normalization and dual-mask spa-
tial injection to better separate ridge regions from back-
ground during generation. Experiments demonstrate high
visual fidelity, consistent retention of content-guided struc-
tural cues under style transfer, and improved downstream
recognition. In particular, joint training with real and our
synthetic data boosts ViT TAR@FAR=0.1% from 80.08%
to 91.28%, exceeding joint-training results obtained with
FPGAN-Control and PrintsGAN.

1. Introduction

Deep fingerprint recognition models require large-scale
data with sufficient intra-class variation (multiple impres-
sions per identity under different sensors, pressure, and cap-
ture conditions). However, collecting and sharing real fin-
gerprints is heavily restricted due to privacy constraints:
biometric leakage is irreversible, and regulations often pre-
vent large-scale acquisition and release. As a result, public
datasets are limited in both scale and diversity, leading to
overfitting and poor cross-sensor generalization.
Generative models offer a promising alternative by syn-
thesizing realistic fingerprints to expand diversity without
additional data collection, including GANSs [1] and diffu-
sion models such as DDPM [2]. Prior GAN-based fin-
gerprint synthesis methods can generate high-quality im-
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Figure 1. Illustration of structure-consistent augmentation: syn-
thetic fingerprints preserve identity while introducing diverse
styles, addressing limited intra-class diversity.

ages [3, 4], but structure-consistent augmentation remains
challenging due to limited controllability and identity du-
plication at scale [3]. Diffusion-based fingerprint synthesis
has recently shown strong ridge-detail modeling [5-9], yet
existing approaches still lack fine-grained control over (i)
cross-sensor style transfer, (ii) global shape variation (e.g.,
plain vs. rolled), and (iii) explicit separation of ridge fore-
ground from background.

We propose a controllable fingerprint synthesis frame-
work based on Stable Diffusion [10], combining Control-
Net [11] for structure-consistent generation and a Multi-
IP-Adapter derived from IP-Adapter [12] for disentangled
style/shape/text control. The framework supports (1) aug-
mentation mode that generates diverse impressions from
a real identity, and (2) privacy-motivated mode that uses
DDPM-sampled virtual identities as control inputs [2]. To
stabilize cross-style fusion, we further introduce ridge-scale
normalization (ridge frequency estimation follows standard
orientation-field based formulations [13]) and dual-mask
spatial injection.

As illustrated in Fig. 1, our framework produces multiple
diverse impressions for each identity, improving intra-class
diversity for robust recognition training.

Contributions. (1) A unified diffusion-based pipeline
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for structure-consistent, style-diverse fingerprint synthe-
sis with real-identity augmentation and privacy-motivated
virtual-identity generation modes. (2) Multi-domain condi-
tioning (style/acquisition-type/text) with decoupled cross-
attention and dual-mask injection for spatial control. (3)
Ridge-scale normalization to align ridge frequency between
the content and the target style. (4) Extensive evaluation
showing consistent retention of content-guided struc-
tural cues and substantial recognition gains (e.g., ViT
TAR@FAR=0.1%: 80.08% — 91.28% with joint train-

ing).
2. Related Work
2.1. Fingerprint Synthesis

Classical simulators (e.g., SFinGe) generate fingerprints via
handcrafted ridge models and noise, but are limited in real-
ism and controllability [14]. GAN-based methods improve
visual quality for fingerprint synthesis [15—18], yet often
suffer from unstable training and limited coverage at scale;
structure-consistent augmentation remains challenging due
to issues such as identity duplication and constrained con-
trollability [3, 4]. Recent diffusion-based approaches show
superior ridge detail modeling and have been explored for
fingerprint synthesis and augmentation [5-9], but many lack
explicit mechanisms for cross-sensor style control, global
shape variation, and foreground/background disentangle-
ment.

2.2. Controllable Generation and Style Transfer

Diffusion models enable high-fidelity synthesis [2, 10], but
text-only prompting is often insufficient for preserving pre-
cise fingerprint structure. ControlNet injects structural con-
ditions (e.g., edges) to anchor spatial layout [11], while IP-
Adapter transfers reference-image priors via decoupled at-
tention [12]. Related controllable diffusion plugins such as
T2I-Adapter further demonstrate that lightweight adapters
can provide strong controllability while keeping the diffu-
sion backbone frozen [19]. Fingerprint generation imposes
stricter constraints than generic style transfer: small geo-
metric distortions can corrupt ridge topology and minutiae.
Our method combines ControlNet-based structural anchor-
ing [11] with multi-domain IP-Adapter conditioning [12],
augmented by ridge-scale normalization (based on standard
ridge/orientation analysis [13]) and dual-mask injection to
preserve ridge integrity under strong style changes.

3. Proposed Method

Our proposed framework is built on Stable Diffusion [10]
and is designed to achieve structure-consistent, style di-
versity, and spatially controllable synthesis (Fig. 2). The
diffusion process is guided by ControlNet [11], which en-
forces structural consistency using a Canny edge represen-

Algorithm 1: Controllable Structure-Consistent
Fingerprint Synthesis Pipeline

Input: Content fingerprint image C' (real or virtual),
style image S, text prompt 7", fingerprint
mask Mj,, background mask Mg

Output: Synthetic fingerprint image I

Step 1: Ridge-Scale Normalization;

Compute average ridge widths w¢ and wg; resize
and pad C with ratio v = Sj—g

Step 2: Structure-Consistent Conditioning;

Extract a structural representation F¢ from C' using
a Canny edge detector; condition Stable Diffusion
with ControlNet on E¢.

Step 3: Multi-Domain Feature Extraction;

Extract style features Fi, from .S (style encoder);
extract shape features Fyy, (shape encoder); encode
text prompt to Fiyt (text encoder).

Step 4: Decoupled Cross-Attention Fusion;

Fuse features via Eq. (1).

Step 5: Spatially-Guided Injection;

Apply dual-mask injection via Eq. (2).

Step 6: Image Synthesis;

Run the denoising U-Net conditioned on
{Fsty, Fsn, Fixt } and ControlNet guidance to
output .

tation of the input fingerprint. To flexibly control visual ap-
pearance, a Multi-IP-Adapter derived from IP-Adapter [12]
injects style, shape, and text features through decoupled
cross-attention, ensuring style diversity while maintaining
content-guided structural cues. Spatial controllability is fur-
ther enhanced with a dual-mask strategy and ridge-scale
normalization, which separately condition the fingerprint
and background regions and align ridge widths for seam-
less fusion. We estimate ridge width by patch-wise ridge
spacing using an orientation-field based approach [13]; de-
tails are provided in the supplementary material. All input
and style images are preprocessed by isotropic resizing and
white padding to 1024 x1024, ensuring consistent spatial
alignment.

The overall generation algorithm is presented in Algo-
rithm 1.

3.1. Structure-Consistent Conditioning

To ensure Structure-Consistent Conditioning, we employ
ControlNet [11] with Canny edge detection as a strong
structural constraint during the diffusion process. The
Canny-processed control image captures ridge flow and
topology with thin boundaries that align well with Control-
Net’s conditioning. In our implementation, Canny thresh-
olds are set to 50/200 with an aperture size of 3.
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Figure 2. Overview of our proposed method. The lower part preserves content-guided ridge structure via ControlNet and U-Net conditioned
on real or virtual content images. The upper part injects style, shape, and text cues through decoupled cross-attention, guided by a shape
mask, to generate structurally faithful and style-controllable fingerprints.

Our framework supports two complementary input
modes. In the augmentation mode, real fingerprint im-
ages are directly used as ControlNet inputs. In the privacy-
motivated mode, we employ a DDPM-based sampler [2] to
synthesize virtual identities, which are then used as control
inputs for ControlNet. The DDPM sampler is trained from
scratch on 5,000 samples from NIST SD 302 [20].

3.2. Multi-IP-Adapter for Fingerprint Style Gener-
ation

The IP-Adapter [12] injects visual priors from reference im-
ages or text into diffusion models. We extend it to disentan-
gle style, shape, and text control for fingerprint synthesis
(Fig. 2).

3.2.1. Style Control

We adopt a CLIP-based image encoder (e.g., OpenCLIP-
ViT-H-14 [21]) as the style encoder without additional fine-
tuning.

3.2.2. Text-Guided Style Control

Text prompts are encoded by a CLIP text encoder [21].
Among all components, only the text-guided style adapter
is fine-tuned on NIST SD 302 [20] (5,000 samples, 100

epochs, Ir=1 x 10~*, AdamW, batch size=8 on a single
NVIDIA A6000 GPU).

3.2.3. Shape Control

To explicitly control global geometry (e.g., plain vs. rolled),
we extract shape features from the style image using a CLIP
image encoder and inject them as a separate conditioning
stream, preventing the ControlNet structure from dominat-
ing shape and enabling type-specific synthesis.

3.2.4. Decoupled Cross-Attention

We fuse text, style, and shape conditions through indepen-
dent cross-attention branches:

Znew = Attn(Q, K', V")
+ A1 Attn(Q, K%, V%) (1)
+ A2 Attn(Q, K1, V).
We set \; = Ay = 1.0 for all experiments.

3.3. Spatially-Guided Feature Injection via Fore-
ground/Background Masking

To enhance spatial controllability, we use a fingerprint mask
Mt and a background mask My, = 1 — My, (mask gen-
eration details are provided in the supplementary material).
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Given style features Fy;, and a background embedding F,g,
we inject:

Fouy = Mfg © Fsty + Mbg © Fbg~ (2)
4. Experimental Results

4.1. Visual Evaluation

We conducted a qualitative visual evaluation to demon-
strate the style control and generalization ability of our fin-
gerprint synthesis framework. In total, we generated fin-
gerprints under 11 distinct style conditions, covering three
acquisition types: rolled, slap, and plain. Eight styles
correspond to sensors seen during training (Fig. 3), all
from the NIST SD 302 dataset: MorphoWave_Desktop
(roll), ANDI_N2N (roll), LIVETOUCH_QUATTRO (roll),
S120 (roll), Undisclosed (roll; as labeled in the origi-
nal dataset), Crossmatch_.L_SCAN_1000PX (slap), Cross-
match_L_SCAN_1000PX (roll), and ANDI_N2N (plain).
The remaining three styles represent unseen sensor domains
from the FVC 2004 dataset (Fig. 3)—Crossmatch V300
(plain), U.are.U 4000 (plain), and FingerChip FCD4B14CB
(plain)—which are not included in training, enabling evalu-
ation of cross-domain generalization.

For each style, we display three images: the first two
are synthetic fingerprints generated by our method, while
the third is a real fingerprint sample acquired from the cor-
responding sensor. This side-by-side presentation enables
direct visual assessment of realism, style fidelity, and struc-
tural consistency.

The generated images exhibit diverse visual characteris-
tics and faithfully reproduce differences in ridge contrast,
background noise, and image tone across sensors and ac-
quisition types. For styles seen during training, our model
closely matches the appearance of real samples and mim-
ics sensor-specific traits. For unseen styles from FVC
2004 [22], our model transfers stylistic attributes (e.g.,
ridge sharpness and background artifacts) without exposure
during training, demonstrating encouraging cross-domain
generalization. Notably, synthesized fingerprints preserve
ridge-flow from the control image while adapting to target
style cues.

4.2. Matching Analysis between Synthetic and Real
Content Images

To assess structural consistency after style transfer, we per-
form matching between each generated fingerprint and its
corresponding input content image. As shown in Fig. 4 and
Fig. 5, the left image in each subfigure is the input content
image, while the right image is the synthetic output. The
top row shows styles seen during training, and the bottom
row shows unseen styles.

For matching, we adopt LightGlue [23] and XFeat [24],
two deep learning-based feature matching methods that

Table 1. NFIQ 2.0 score (1) [25] comparison between synthetic
and real images.

Synthetic Real

Sensor (Type) Ap p-value
pto pto
XS‘IT)’“W“VCD““OP 30.79+£9.96 307041265 +0.09  0.945
ﬁzgmm 4079 £745 39.65+£596 +1.14 0.292
(LITO‘I’I‘)ETOUCH’QUATTRO 2680+ 15.11 31.67+2029 —4.78  0.236
S120 . o . . —11
o 3151+ 10.87 4338+8.61 —11.87 3.44 x 10
Undisclosed

(voll) 27.40 £ 14.55 39.09 +£14.38 —11.69 3.40 x 107!

Crossmatch_L_SCAN_1000PX
(roll)

Crossmatch_L_SCAN_1000PX 37.02 4+ 927
(slap)

ANDIN2N
(plain)
Note: Ap = pisyn — freal- Higher NFIQ 2.0 scores indicate better image

37.71+£12.34 48.11+£20.43 —10.40 4.59 x 1074
40.30 £6.37 —3.28 5.20x107'?

41.61 £8.57 40.44+517 +1.17 0.154

quality.

leverage dense keypoints and descriptors across the full im-
age. Unlike conventional fingerprint matchers relying on
explicit minutiae detection, these methods capture more
global and nuanced structural information, making them
suitable for evaluating similarity when local textures may
shift under style transfer while global ridge-flow patterns
remain consistent

The results in Fig. 4 and Fig. 5 show substantial cor-
respondences between content and synthetic images for
both seen and unseen styles. Although LightGlue typically
yields more matches due to denser representations, both
matchers consistently identify meaningful structural align-
ment, suggesting our method retains structure-level ridge-
flow cues under significant style variation.

4.3. Assessment of Synthetic Fingerprint Quality
across Sensors

To quantitatively evaluate synthetic fingerprint quality, we
compare NFIQ 2.0 [25] and NIQE [26] between real and
synthetic images across eight sensor styles. For each sen-
sor, we generate synthetic images using real fingerprints as
style references under identical style conditions. We eval-
uate 2,000 real and 2,000 synthetic images per sensor. Ta-
bles | and 2 report the mean and standard deviation of both
metrics. We additionally perform Welch’s two-sample ¢-test
per sensor to assess whether differences between real and
synthetic scores are statistically significant. Figure 6 visu-
alizes NFIQ 2.0 score distributions (blue: real; red: syn-
thetic).

As shown in Table 1, NFIQ 2.0 scores of synthetic fin-
gerprints are generally comparable to real images. For most
sensors (e.g., MorphoWave_Desktop (roll) and ANDI_N2N
(plain)), mean scores are nearly identical, indicating pre-
served biometric quality and structural fidelity. How-
ever, for certain sensors including S120 (roll) and Cross-
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(e) Undisclosed (roll) (f) L.SCAN_1000PX (slap)

Synthetic Synthetic Real Synthetic

Synthetic

(g) L.SCAN_1000PX (roll)

Synthetic

P

(i) Crossmatch V300 (plain)

(§) U.are.U 4000 (plain)

(k) FingerChip FCD4B14CB (plain)

Figure 3. Visual evaluation of generated and real fingerprints. The top two rows show sensors seen during training (NIST SD 302), and the
bottom row shows unseen sensors (FVC 2004). For each sensor panel, images (left—right) are two synthetic results and one real image

from the same sensor style.

Num of Matching Points: 53

(a) LIVETOUCH_QUATTRO (b) Undisclosed (Seen)

Num of Matching Points: 44

Num of Matching Points: 41

Zis

- (d) FingerChip FCD4B14CB (Un-
(c) Crossmatch V300 (Unseen) seen)

Figure 4. Matching results between the input content image (left)
and the synthetic fingerprint (right) using LightGlue [23]. Green
lines indicate matched feature points. Averaged over 50 test im-
ages, the number of matched points is 241.4 for seen styles and
138.1 for unseen styles.

match L._SCAN_1000PX (roll/slap), the mean difference
(Ap < 0) is statistically significant, suggesting slightly
lower NFIQ 2.0 for synthetic images. This gap likely re-
flects sensor-specific statistics (e.g., ridge frequency, micro-
contrast, or device noise) that are not fully captured, rather
than a general degradation in generative quality.

In contrast, Table 2 shows that synthetic images often
achieve lower NIQE (a proxy for perceptual cleanliness un-
der natural-image statistics) than real fingerprints for most
sensors. For example, MorphoWave_Desktop (roll) and
Undisclosed (roll) show cleaner ridge textures and reduced

Num of Matching Points: 18 Num of Matching Points: 19

(b) Undisclosed (Seen)

‘Num of Matching Points: 35

#é_

g (d) FingerChip FCD4B14CB (Un-
(¢) Crossmatch V300 (Unseen) seen)

Figure 5. Matching results between the input content image (left)
and the synthetic fingerprint (right) using XFeat [24]. Green lines
indicate matched feature points. Averaged over 50 test images,
the number of matched points is 81.5 for seen styles and 77.1 for
unseen styles.

background noise. Even for Crossmatch_L_SCAN_1000PX
(slap) and ANDI_N2N (plain), NIQE remains comparable,
suggesting that style transfer does not introduce noticeable
perceptual degradation.

While both NFIQ 2.0 and NIQE are useful quality met-
rics, they capture different aspects: NFIQ 2.0 assesses bio-
metric usability (e.g., ridge clarity and minutiae extractabil-
ity), whereas NIQE measures perceptual naturalness via de-
viations from natural-image statistics. Consequently, some
sensors can exhibit divergent trends (e.g., S120 (roll) hav-
ing lower NFIQ 2.0 but better NIQE), indicating that the

CVPR

#*****

267
268
269
270
271
272
273
274
275
276
277



CVPR
gprenen

278
279

280

281
282
283
284
285
286
287
288
289
290
291
292

CVPR 2026 Submission #*****, CONFIDENTIAL REVIEW COPY. DO NOT DISTRIBUTE.

Comparison o NFIQ2 Score Distibutions

Comparison of i 102 score Disrbutions.
— en

(a) MorphoWave_Desktop (roll)

‘Comparison of NFIG2 Score Distrbutions

(b) ANDI_N2N (roll)

Comparison of NFIQ2 Score Distrbutions

NFIQZ Score NFIQ2 Score

(e) Undisclosed (roll) (f) L.SCAN_1000PX (roll)

007, — Synthetic

Comparison of NFIQZ Score Distrbutions

Comparison of NFIQ2 Score Distributions

— synthetic

g 1 ) ) ] ©
NFIQ2 Score NFIQ2 Score

(¢) LIVETOUCH_QUATTRO (roll) (d) S120 (roll)

— real
oo — synthetic

000 - = - 00| 1
bt “° ° © 4 © 0 o [ 0 @
NFIQZ Score NFIQ2 Score

(g) L.SCAN_1000PX (slap) (h) ANDI_N2N (plain)
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Figure 6. Distributions of NFIQ 2.0 scores across eight sensor styles (real: blue; synthetic: red).

Table 2. NIQE score ({) [26] comparison between synthetic and
real images.

Sensor (Type) Synthetic Real Ap p-value
pto pEto
X(Ifh"wavej)“k“’p 5024067 647+£035 —1.45 1.48x 107
éggmzN 700£096 7.24+£059 —0.24  0.0579
h%})ETOUCH’QUATTRO 6.16+1.01 12.454+2.24 —6.29 1.00 x 1077
§120 8.084+0.91 9.57+0.88 —1.49 4.64 x107>°
(roll)
g‘;ﬁfd"sed 833+1.51 7.224254 +1.11 1.15x10°°
(Cr;‘;ﬁsmatChL’SCAN’IOOOPX 6.68+£1.15 12.12+£0.79 —5.44 1.30 x 1073
(ngz;matChL’SCAN’IOOOPX 706+£117 743+£3.05 —0.37 3.50 x 10~%
ANDLN2N 757+£1.24 7.54+£053 +0.03  0.7566
(plain)

Note: Ap = pisyn — frea- Lower NIQE values indicate better perceptual
quality.

image may look perceptually clean while being slightly less
optimal for biometric quality.

4.4. t-SNE Analysis of Synthetic Sensor Styles

To examine whether our model captures sensor-specific
style information, we visualize style embeddings of syn-
thetic fingerprints using t-SNE. Embeddings are extracted
from the style encoder of our model (not an external recog-
nition backbone), so the visualization reflects the model’s
internal representation of sensor style. Figure 7 shows seen
and unseen sensor styles.

For Fig. 7a, we select synthetic images from six
sensors (MorphoWave Desktop, ANDI_N2N, LIVE-
TOUCH_QUATTRO, S120, Undisclosed, Cross-
match_L_SCAN_1000PX), removing samples of dif-
ferent fingerprint types from the same sensor to isolate

» ° + TouchView I
FX2000

« 100SC

+ CrossMatch V300
U.are.U 4000
FingerChip

o e

(a) Seen (b) Unseen

Figure 7. t-SNE visualization of style-encoder embeddings for
synthetic fingerprints. (a) Seen sensor styles form compact, well-
separated clusters. (b) Unseen sensor styles also form distinct clus-
ters, suggesting the learned style representation extends to novel
domains.

sensor-style effects. The resulting clusters are compact
and well separated, indicating that our method captures
sensor-specific style characteristics.

For Fig. 7b, we visualize sensors not present in train-
ing (TouchView II, FX2000, 100SC, Crossmatch V300,
U.are.U 4000, FingerChip). Unseen styles also form dis-
tinct clusters, suggesting encouraging cross-domain gener-
alization to novel sensor domains.

4.5. Training Recognition Model with Synthetic
Data

To evaluate the effectiveness of our generative pipeline
for augmenting fingerprint recognition, we conduct exper-
iments using ResNet18/34/50/101 [27] and ViT-B/16 [28]
backbones, all pretrained on ImageNet-1K [29]. We con-
sider multiple training scenarios with different dataset com-
positions.

For real-data training, we use NIST SD 302 (Nail-to-
Nail, N2N) [20], containing 1,600 real identities with 10
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Table 3. TAR@FAR=0.1% and TAR@FAR=0.01% on different training datasets and architectures.

TAR@FAR=0.1%

TAR@FAR=0.01%

Training Dataset ResNetl8 ResNet34 ResNet50 ResNetl01  ViT  ResNetl8 ResNet34 ResNet50 ResNetl01 — ViT

NIST SD 302 (real) [20] 0.6946 0.7035 0.7132 0.7457 0.8008  0.4988 0.4741 0.5003 0.5039 0.5698
FPGAN-Control [4] 0.7181 0.6682 0.6626 0.6193 0.7875  0.4523 0.4725 0.4833 0.4927 0.5438
PrintsGAN [3] 0.5421 0.5031 0.4561 0.5122 0.5523  0.3951 0.3635 0.3485 0.4201 0.4524
Ours 0.7251 0.7298 0.7251 0.7271 0.7531 0.5320 0.6059 0.5477 0.5303 0.5639
NIST SD 302 + FPGAN-Control 0.8093 0.8514 0.8957 0.8719 0.8935  0.7251 0.7112 0.7478 0.7251 0.7369
NIST SD 302 + PrintsGAN 0.7299 0.7215 0.7337 0.7793 0.7688  0.5474 0.5747 0.6228 0.6329 0.6701
NIST SD 302 + Ours 0.8575 0.8930 0.8938 0.9009 09128  0.7850 0.7857 0.8056 0.8169 0.8211

impressions each. For synthetic-only training, FPGAN-
Control [4] and our method each provide 2,000 synthetic
identities with 10 impressions per identity, while Prints-
GAN [3] provides 1,500 identities with 10 impressions per
identity.

In joint training (last three rows of Table 3), the real por-
tion consists of 16,000 images from NIST SD 302 (1,600
identities x 10 impressions). The synthetic portion includes
20,000 images from FPGAN-Control (2,000 identities X
10), 15,000 images from PrintsGAN (1,500 identities X
10), and 20,000 images from our method (2,000 identities
x 10). For our method, we generate 1,000 identities by aug-
menting real identities (from N2N) and 1,000 identities by
sampling virtual identities from a pretrained DDPM; each
identity is generated with 10 style variations.

All models are evaluated on a held-out set of 400 real
identities from NIST SD 302. We report TAR at FAR=0.1%
and FAR=0.01%.

Table 3 shows that our method achieves strong perfor-
mance across architectures. Models trained on our synthetic
data outperform those trained on other synthetic datasets
(FPGAN-Control and PrintsGAN). The gains are more pro-
nounced in joint training: NIST SD 302 + Ours consis-
tently yields the best results. For example, with ResNet101,
NIST SD 302 + Ours reaches TAR=0.9009 at FAR=0.1%,
and with ViT it achieves TAR=0.8211 at FAR=0.01%. We
attribute these improvements to the diversity and fidelity
of our synthetic data. Unlike methods that solely sample
new identities from latent space, our approach combines (i)
real identity augmentation to model intra-class variation and
(ii) virtual identity generation to expand identity coverage,
achieving strong robustness and generalization.

4.6. Computational Complexity Analysis

We compare the computational cost of our diffusion-based
pipeline with the GAN-based FPGAN-Control [4]. On an
NVIDIA A6000 GPU, our method requires 12.8 seconds
per fingerprint image on average, whereas FPGAN-Control
requires 0.05 seconds. This difference is expected: GANs
generate images in a single forward pass, while diffusion
models rely on iterative denoising. Nevertheless, our ap-

proach produces finer ridge structures and more complete
details, and we observe improved downstream recognition
in our experiments. Since fingerprint generation is primar-
ily used for offline data augmentation rather than real-time
deployment, the additional cost is acceptable given the im-
proved fidelity and downstream utility.

5. Ablation Study

We perform a progressive ablation study from SO to S5
to quantify the effect of each design choice. As shown
in Table 4, the text-only baseline (S0) provides limited
structural consistency, with LightGlue mean matches of
20.01. Adding ControlNet (S1) yields a clear improvement
in structural consistency, increasing mean matches to 34.05
while also affecting the perceptual proxies (IS/IL).

We report three complementary metrics: (i) LightGlue
mean matches as a proxy for structure-level alignment be-
tween the generated image and its paired content input;
(ii) Inception Score (IS) as a proxy for perceptual diver-
sity/quality; and (iii) intra-cluster LPIPS distance (IL) to
quantify perceptual variation among samples within the
same experimental setting (higher IL indicates larger per-
ceptual diversity). Since IS/LPIPS are derived from natural-
image models, we use them as complementary proxies
rather than fingerprint-specific quality metrics.

Enabling decoupled cross-attention (S2) further
strengthens structure-level alignment (40.74 matches),
indicating that separating the conditioning streams helps
preserve ridge topology under style transfer. With mask
injection (S3), mean matches increases to 42.41 and IL
decreases slightly (0.5440), suggesting reduced perceptual
variation under explicit foreground/background separation.
When introducing the style condition (S4), IS remains
comparable (3.170) and IL increases to 0.5996 (greater
perceptual variation), while mean matches decreases to
40.02, implying stronger style cues can trade off against
strict structure-level alignment. Finally, the full model (S5)
recovers structure-level alignment (42.52 matches) while
keeping IS/IL within a comparable range, showing that
combining style and shape conditions can restore structural
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Table 4. Progressive ablation from SO to S5. Results are reported
using LightGlue. IS: Inception Score; IL: intra-cluster LPIPS dis-
tance (higher indicates larger perceptual diversity).

Metric SO S1 S2 S3 S4 S5
IS 2.841  3.678 2931 3.151 3170 3.144
IL 0.6795 0.6866 0.5374 0.5440 0.5996 0.5502
LightGlue

mean_matches  20.01 3405 40.735 42405 40.015 42.52

Table 5. Sensitivity analysis under the full setting S5. IS: In-
ception Score; IL: intra-cluster LPIPS distance (higher indicates
larger perceptual diversity).

Metric expll expl2 expl3 expl4d expl5 expl7 expl8
IN 3.231  2.824 3285 3200 3.562 27338 2.7109
1L 0.5969 0.5376 0.5962 0.5617 0.5932 0.5409 0.5173

LightGlue

mean_matches 38.045 44.275 41.6  40.035 40.305 46.885 59.365

fidelity without sacrificing controllability.

We additionally conduct sensitivity analysis under the
full setting S5 (Table 5). shows that stronger guidance
increases mean matches, but tends to reduce IS and IL
(i.e., lower perceptual diversity), suggesting that overly
strong structural constraints may limit style expressiveness.
For decoupled cross-attention weights, symmetric settings
(A1 = Ag2) produce similar IS/IL with moderate differ-
ences in matching (expl3—expl4). The asymmetric setting
(expl5, Ay = 1.5, Ay = 0.5) achieves the highest IS (3.562)
while keeping IL comparable to other settings, indicating
that emphasizing style over shape can improve perceptual
diversity without a notable loss in structure consistency.

6. Limitation & Future Work

Although our method achieves high-quality fingerprint syn-
thesis and strong structure-consistent, several limitations re-
main. The diffusion-based generation process is computa-
tionally intensive due to iterative denoising steps. More-
over, the framework currently depends on predefined spatial
masks to guide region-specific feature injection, which may
limit its adaptability under varying sensor conditions. As
potential future improvements, we plan to incorporate more
efficient diffusion samplers such as DPM-Solver or Latent
Consistency Models (LCM) to reduce sampling steps and
inference time. Additionally, exploring automatic or data-
driven mask estimation could enhance flexibility and scala-
bility for practical deployment.

7. Conclusion

In this paper, we present a fingerprint image synthesis
framework that addresses data scarcity under privacy con-
straints in fingerprint recognition. By integrating Sta-
ble Diffusion, ControlNet, and Multi-IP-Adapter mod-
ules, our method generates structure-consistent and style-

diverse fingerprint images, supporting data augmentation
and privacy-motivated training by reducing direct depen-
dence on real identity data. Experiments show that the pro-
posed synthetic fingerprints improve downstream recogni-
tion performance, achieving up to an 11 percentage-point
gain in TAR@FAR=0.1% under joint training compared to
the real-only setting.

Overall, this work provides an effective approach to ex-
pand fingerprint datasets while reducing direct reliance on
real identity data during augmentation. In future work, we
plan to improve generation efficiency and further strengthen
cross-sensor generalization, extending the framework to
other biometric modalities such as palmprint and vein
recognition. We believe this research supports diffusion-
based synthesis toward practical, privacy-conscious bio-
metric applications.

An anonymized code repository is available at: https:
/ / anonymous . 4open . science /r /Privacy -
and-Anonymity_Privacy-metrics-1F31/
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