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Abstract. Contactless finger-selfies enable convenient biometric cap-
ture, but restoration of low-resolution imagery may also expose identity-
bearing ridge information. We investigate whether super-resolution in-
creases this leakage. Our evaluation links reconstruction quality (PSNR,
SSIM, and LPIPS), minutiae extraction, and NBIS-based contactless-to-
livescan matching on ISPFDv2. Bicubic and SwinIR are compared on
identical sampled images to separate restoration effects from sampling
bias. This design treats leakage as identity-specific utility rather than vi-
sual plausibility or feature abundance alone. Bicubic outperforms SwinIR
in reconstruction fidelity (25.333 PSNR, 0.518 SSIM, and 0.513 LPIPS
versus 24.696, 0.485, and 0.572). Although enhancement increases the
mean number of extracted minutiae from 51.19 for raw contactless images
to 197.50 for SwinIR outputs and 421.94 for clean contactless images, it
does not improve identity separation: all evaluated contactless represen-
tations yield EERs near 0.5. These results expose a gap between vi-
sual restoration, template extractability, and identity-consistent leakage,
showing that the first two are insufficient without downstream matching.
Code is available at github.com/lee-vtruong/fingerprint-sr-leakage.

Keywords: Contactless fingerprint · super-resolution · biometric leak-
age · minutiae extraction · cross-domain matching · NBIS.

1 INTRODUCTION

Commodity cameras make contactless finger-selfie acquisition convenient, but
also expose fingerprints to uncontrolled capture and restoration pipelines [19].
Super-resolution can improve apparent ridge visibility; however, plausible detail
may not preserve the ridge topology and minutiae correspondence required for
biometric identification.

https://github.com/lee-vtruong/fingerprint-sr-leakage
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Most super-resolution evaluations emphasize fidelity or perceptual quality,
whereas biometric risk depends on whether restored structures remain consis-
tent with a person’s reference fingerprint. Likewise, a larger minutiae template
may reflect enhancement artifacts rather than additional identity information.
Consequently, evaluations based only on image similarity can overstate privacy
risk when restored ridge-like details do not support genuine matching. This dis-
tinction motivates evaluating restoration and biometric utility within the same
pipeline.

We therefore ask: Does fingerprint super-resolution increase identity leakage
in contactless finger-selfie images? We distinguish three levels of evidence: re-
construction fidelity, minutiae extractability, and identity-consistent matching.
This separation prevents intermediate improvements from being interpreted pre-
maturely as evidence of privacy loss. Leakage is established only when restored
probes match their genuine references, rather than merely appearing sharper or
yielding more detected minutiae.

We compare Bicubic and SwinIR [8] using identical samples from ISPFDv2
[10, 14]. The pipeline measures PSNR, SSIM, and LPIPS, extracts minutiae
with MINDTCT, and matches contactless probes to livescan galleries using Bo-
zorth3 [7]. Our contributions are a reproducible multi-level leakage protocol, a
controlled comparison of classical and learned restoration under identical degra-
dation conditions, and empirical evidence that increased minutiae extractability
does not necessarily imply identity leakage.

2 RELATED WORK

2.1 Contactless Fingerprint Recognition

Contactless fingerprint recognition is moving from dedicated sensors to camera-
based and mobile settings. Finger-selfies offer convenient, hygienic, low-cost cap-
ture with commodity devices, but introduce uncontrolled illumination, back-
ground clutter, weak ridge contrast, scale variation, pose, perspective distor-
tion, and camera-dependent quality. These factors make contactless-to-livescan
matching harder than conventional contact-based recognition.

Prior contactless-to-contact methods combine preprocessing, enhancement,
scale correction, unwarping, and handcrafted or CNN-based matching [5,9]. They
show that modality-specific distortion and noise affect feature extraction and
matching. ISPFDv2 pairs smartphone contactless images with livescan finger-
prints for cross-domain evaluation. While prior work emphasizes recognition, we
evaluate whether super-resolution and enhancement increase biometric leakage.

2.2 Fingerprint Enhancement and Minutiae-Based Matching

Fingerprint systems commonly use ridge endings and bifurcations as compact
identity-bearing minutiae [16]. Matchers compare their spatial and angular con-
figurations, while modern alternatives learn fingerprint representations directly.
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Reliability depends on stability and correspondence, not only count; noisy or
non-corresponding minutiae need not improve recognition.

Fingerprint enhancement is widely used to improve ridge-valley contrast and
facilitate minutiae extraction, especially for low-quality fingerprints [6]. In con-
tactless or degraded settings, enhancement may increase ridge visibility and pro-
duce more detected minutiae. At the same time, it may also introduce false
ridge structures or spurious minutiae when the original image contains weak
ridge information, background texture, or restoration artifacts. This distinction
is important for biometric leakage assessment: a restored image may appear
more fingerprint-like or produce a larger template without necessarily preserv-
ing identity-consistent minutiae.

We use the NIST Biometric Image Software (NBIS) toolkit as a transparent
backend [7]: MINDTCT extracts minutiae and Bozorth3 performs matching.
Although not a state-of-the-art contactless matcher, it provides a controlled,
reproducible test of whether restored templates are discriminative.

2.3 Super-Resolution for Biometric Images

Super-resolution is commonly studied as a low-level vision task for reconstructing
high-resolution images from degraded or low-resolution inputs, including practi-
cal real-world restoration [17]. In biometric applications, however, visual recon-
struction quality is not the only objective. Identity-aware face super-resolution
illustrates the need to preserve recognition-relevant information rather than vi-
sual detail alone [4]. For fingerprints, this requirement is especially strict because
identity depends on fine ridge-valley patterns, ridge continuity, orientation fields,
and minutiae geometry.

Fingerprint super-resolution is therefore different from natural image super-
resolution. While a natural image model may produce perceptually plausible tex-
tures, the perception–distortion tradeoff implies that perceptual improvement
need not correspond to lower reconstruction error [2]. Fingerprint restoration
must additionally avoid altering ridge topology or generating false minutiae.
Fingerprint-specific super-resolution methods have incorporated ridge orienta-
tion and coupled dictionaries to preserve fingerprint geometry [15]. In contrast,
generic restoration models may not be optimized for ridge fidelity or identity
consistency.

SwinIR is a strong generic image restoration model based on the Swin Trans-
former and has been used for tasks such as image super-resolution, denoising,
and artifact reduction [8]. In this study, SwinIR is used as a representative deep
super-resolution baseline rather than as a fingerprint-specialized model. This
distinction is important because a generic model may improve visual plausibility
without improving biometric consistency.

2.4 Biometric Leakage Assessment

Biometric leakage refers to the extent to which a transformed or restored biomet-
ric image reveals identity-bearing information [11]. Prior work has shown that
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fingerprint images can be reconstructed from standard templates or minutiae
points, demonstrating that intermediate biometric representations may them-
selves expose sensitive ridge information [3, 13]. In fingerprint super-resolution,
leakage cannot be assessed solely by image quality metrics such as PSNR, SSIM,
or LPIPS. These metrics quantify reconstruction fidelity or perceptual similar-
ity, but they do not directly measure whether the restored image enables reliable
identity matching. Similarly, minutiae count alone is insufficient because a tem-
plate with many minutiae may still fail to match if the detected points are not
spatially and structurally consistent with the genuine reference.

This motivates a multi-level protocol covering reconstruction quality, minu-
tiae extractability, and identity-consistent matching. Contactless fingerprint re-
search mainly targets cross-domain recognition, while biometric super-resolution
often emphasizes reconstruction quality or recognition utility. Whether super-
resolution increases leakage from contactless finger-selfies remains less explored.

Our work addresses this gap by connecting super-resolution, enhancement,
minutiae extraction, and NBIS-based matching in one pipeline. This design dis-
tinguishes visual restoration quality, extractable fingerprint structure, and actual
identity leakage under downstream matching.

3 METHOD

This section describes the proposed evaluation methodology for assessing bio-
metric leakage from super-resolved contactless fingerprint images. Unlike con-
ventional super-resolution evaluation, which primarily focuses on image recon-
struction quality, our methodology links restoration quality to biometric utility
through a sequence of image reconstruction, enhancement, minutiae extraction,
and fingerprint matching. The goal is to determine whether super-resolution pro-
duces fingerprint representations that are not only visually closer to the reference
image, but also more capable of revealing identity-bearing information under a
minutiae-based matching protocol.

Figure 1 illustrates the full experimental pipeline. Given a low-resolution
contactless finger-selfie input, we generate restored images using two super-
resolution baselines: Bicubic interpolation and SwinIR. The reconstructed im-
ages are evaluated against the corresponding clean contactless reference using
PSNR, SSIM, and LPIPS. In parallel, the restored outputs are passed through a
fingerprint enhancement stage and then converted into minutiae templates using
MINDTCT from the NBIS toolkit. The extracted probe templates are matched
against livescan gallery templates using Bozorth3. The resulting matching scores
are used to compute biometric leakage indicators, including genuine and impos-
tor score distributions, FAR, FRR, and EER.

3.1 Dataset

We conduct our experiments on ISPFDv2, which contains contactless finger-selfie
images and corresponding livescan fingerprint samples [10,14]. In this study, we
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Fig. 1: Full pipeline of the proposed leakage assessment framework. Low-
resolution contactless finger-selfie images are reconstructed using Bicubic in-
terpolation and SwinIR. The restored outputs are evaluated using image quality
metrics against the clean contactless reference. The same outputs are then en-
hanced, processed by MINDTCT to extract minutiae templates, and matched
using Bozorth3 against livescan templates to assess biometric leakage.

use two contactless subsets, denoted as BI and RES, and one livescan subset,
denoted as LS. The BI and RES subsets are used as contactless probe data,
while LS is used as the contact-based gallery reference in the matching protocol.

To ensure fair comparison between Bicubic and SwinIR, we evaluate both
methods on the same sampled image identities and degradation conditions. Each
contactless subset contains 35,520 evaluated images, resulting in 71,040 con-
tactless probe images in total. The livescan set contains 2,368 images. Table 1
summarizes the dataset split used in our experiments.

Each contactless image is associated with a corresponding clean contact-
less reference for image-quality evaluation. For biometric matching, contactless
probe images are mapped to their corresponding livescan templates according to
the subject, finger, session, and instance identifiers extracted from the filename.
The same mapping protocol is used for all reconstruction methods to ensure a
consistent evaluation setting.

Fig. 1: Full pipeline of the proposed leakage assessment framework. Low-
resolution contactless finger-selfie images are reconstructed using Bicubic in-
terpolation and SwinIR. The restored outputs are evaluated using image quality
metrics against the clean contactless reference. The same outputs are then en-
hanced, processed by MINDTCT to extract minutiae templates, and matched
using Bozorth3 against livescan templates to assess biometric leakage.

use two contactless subsets, denoted as BI and RES, and one livescan subset,
denoted as LS. The BI and RES subsets are used as contactless probe data,
while LS is used as the contact-based gallery reference in the matching protocol.

To ensure fair comparison between Bicubic and SwinIR, we evaluate both
methods on the same sampled image identities and degradation conditions. Each
contactless subset contains 35,520 evaluated images, resulting in 71,040 con-
tactless probe images in total. The livescan set contains 2,368 images. Table 1
summarizes the dataset split used in our experiments.

Each contactless image is associated with a corresponding clean contact-
less reference for image-quality evaluation. For biometric matching, contactless
probe images are mapped to their corresponding livescan templates according to
the subject, finger, session, and instance identifiers extracted from the filename.
The same mapping protocol is used for all reconstruction methods to ensure a
consistent evaluation setting.
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Table 1: Dataset statistics used in the evaluation.
Subset Description Images

BI Contactless finger-selfie subset 35,520
RES Contactless finger-selfie subset 35,520
LS Livescan fingerprint subset 2,368

3.2 Super-Resolution Methods

We evaluate Bicubic interpolation and SwinIR on 30 synthetic degradation con-
ditions combining downscaling to s ∈ {32, 64, 128, 256, 512}, JPEG quality q ∈
{25, 50, 75, 100}, Gaussian kernels k ∈ {3, 5, 7}, and noise levels σ ∈ {5, 10, 20}.

Bicubic interpolation. Bicubic interpolation is used as a simple and deter-
ministic baseline. Although it does not learn fingerprint-specific priors, it pro-
vides a strong reference point for assessing whether a learned super-resolution
model offers practical gains over standard resizing. All Bicubic outputs are re-
sized to the common target resolution used in the downstream evaluation.

SwinIR. We apply pretrained DIV2K SwinIR-M checkpoints [8] without
fingerprint-specific fine-tuning: ×2 for 256 × 256 inputs and ×4 for inputs of
128× 128 or smaller; 512× 512 inputs are copied directly.

All outputs are standardized to 512× 512 pixels before metric computation
and biometric processing, preventing scale differences from affecting minutiae
extraction.

3.3 Image Quality Metrics

To assess reconstruction quality, we compute PSNR and SSIM with data range
255 and LPIPS with the AlexNet backbone between each output and its clean
contactless reference [18,20]. The same 71,040 images are used for both restora-
tion methods.

PSNR measures pixel fidelity, while SSIM compares luminance, contrast, and
local structure:

PSNR(I, Î) = 10 log10

(︄
MAX2

I

MSE(I, Î)

)︄
, (1)

SSIM(I, Î) =
(2µIµÎ + C1)(2σIÎ + C2)

(µ2
I + µ2

Î
+ C1)(σ2

I + σ2
Î
+ C2)

.

Here, MAXI is the maximum pixel value; µ, σ2, and σIÎ are local means, vari-
ances, and covariance; and C1, C2 ensure numerical stability. Higher PSNR and
SSIM are better.

Learned Perceptual Image Patch Similarity (LPIPS). LPIPS mea-
sures perceptual similarity using deep feature representations. Unlike PSNR and
SSIM, which are based on pixel or structural similarity, LPIPS compares images
in a learned feature space. Lower LPIPS indicates greater perceptual similarity.
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In this work, LPIPS is used as a complementary metric to evaluate whether
reconstructed fingerprints are perceptually closer to the clean contactless refer-
ence.

These image quality metrics are used to quantify restoration fidelity, but
they are not treated as direct evidence of biometric leakage. Therefore, we fur-
ther evaluate the restored images through minutiae extraction and fingerprint
matching.

3.4 Minutiae Extraction

To evaluate whether restored images contain extractable fingerprint structures,
we use MINDTCT from the NBIS toolkit [7]. MINDTCT extracts minutiae
points from fingerprint images and produces minutiae templates in the .xyt
format. Each minutia is represented by its spatial coordinates and orientation.

Before extraction, contactless outputs are converted to grayscale and en-
hanced with CLAHE (clip limit 2.0, 8× 8 tiles), 3× 3 Gaussian smoothing, and
adaptive Gaussian thresholding (block size 25, constant 5). The enhanced images
are then provided to MINDTCT.

The number of extracted minutiae is used as an intermediate biometric indi-
cator. However, we do not assume that a larger number of minutiae necessarily
implies higher biometric leakage. Extracted minutiae may include false or unsta-
ble points, especially when the input contains weak ridge structures, restoration
artifacts, or enhancement-induced texture. Therefore, minutiae count is analyzed
together with downstream matching performance.

For the livescan subset, MINDTCT is also applied under the same extrac-
tion settings to generate gallery templates. These templates serve as reference
identities in the contactless-to-livescan protocol.

To avoid ambiguity, we explicitly define the image representations used in
the minutiae extraction and matching experiments. Raw contactless denotes
the original cropped contactless finger-selfie image before fingerprint enhance-
ment. Clean contactless + enhancement denotes the same clean cropped contact-
less image after applying the fingerprint enhancement stage, without synthetic
degradation and without super-resolution. SwinIR + enhancement denotes the
SwinIR-restored output generated from a synthetically degraded contactless in-
put, followed by the same enhancement stage. Livescan denotes the contact-
based fingerprint image used as the gallery reference.

Thus, Clean contactless + enhancement is a diagnostic of enhancement alone,
not a super-resolved output. It measures how strongly enhancement increases
MINDTCT extractability on clean images; its high count may reflect amplified
ridge-like structures and unstable or non-corresponding detections rather than
identity-bearing minutiae.

3.5 Matching Protocol

After minutiae extraction, we evaluate whether the generated templates can
reveal identity information through fingerprint matching. We use Bozorth3 from
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the NBIS toolkit to compute matching scores between probe and gallery minutiae
templates [7].

In our main matching protocol, the probe template is extracted from a con-
tactless image after restoration and enhancement, while the gallery contains
2,368 livescan templates. Genuine pairs share subject, finger, session, and in-
stance identifiers; impostor pairs use different finger identities. Each representa-
tion produces 71,040 genuine and 71,040 impostor scores.

Formally, let Pi denote the minutiae template extracted from a contactless
probe image and Gj denote a gallery template extracted from a livescan finger-
print. Bozorth3 computes a matching score:

sij = Bozorth3(Pi, Gj), (2)

where a higher score indicates stronger minutiae correspondence between the
probe and gallery templates. For genuine comparisons, i and j correspond to the
same identity. For impostor comparisons, they correspond to different identities.

This protocol allows us to test whether super-resolution and enhancement
produce contactless fingerprint templates that are identity-consistent with the
corresponding livescan reference.

3.6 Leakage Evaluation

We evaluate biometric leakage using genuine and impostor matching scores. A
method is considered to reveal stronger identity information if its genuine scores
are consistently higher than impostor scores, leading to lower verification error
rates. Conversely, if genuine and impostor score distributions overlap substan-
tially, the restored images do not provide reliable identity-consistent matching
under the evaluated protocol.

At threshold τ , scores s ≥ τ are accepted. FAR, FRR, and EER are computed
according to established biometric performance definitions [1]:

FAR(τ) =
|{simp ≥ τ}|

Nimp
, FRR(τ) =

|{sgen < τ}|
Ngen

,

τ∗ = argmin
τ

|FAR(τ)− FRR(τ)|, EER = 1
2 [FAR(τ∗) + FRR(τ∗)].

(3)
Here, Nimp and Ngen are the numbers of impostor and genuine comparisons.

A lower EER indicates stronger identity separability between genuine and im-
postor comparisons. In the context of this work, lower EER after super-resolution
would suggest stronger biometric leakage, while an EER close to 0.5 indicates
near-random matching behavior under the evaluated protocol.

Overall, our methodology separates three levels of analysis: image reconstruc-
tion quality, minutiae extractability, and identity-consistent matching. This sep-
aration is essential because an image may achieve better visual quality or yield
more minutiae without producing a more discriminative biometric template.
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4 EXPERIMENTAL RESULTS

This section presents the experimental results of the proposed leakage assessment
pipeline. We organize the analysis into three levels: image reconstruction quality,
minutiae extractability, and identity matching performance. This organization
follows the central question of the paper: whether super-resolution improves only
visual or structural quality, or whether it also increases identity-consistent bio-
metric leakage. Unless otherwise stated, the image quality comparison between
Bicubic and SwinIR is conducted on the same sampled evaluation set [10,14].

4.1 SR Reconstruction Quality

We first evaluate the reconstruction quality of Bicubic interpolation and SwinIR
using PSNR, SSIM, and LPIPS. PSNR and SSIM measure pixel-level and struc-
tural fidelity with respect to the clean contactless reference, while LPIPS mea-
sures perceptual similarity in a learned feature space. Higher PSNR and SSIM
indicate better reconstruction quality, whereas lower LPIPS indicates better per-
ceptual similarity.

Table 2 reports the average reconstruction quality of the two super-resolution
methods. Bicubic interpolation achieves higher PSNR and SSIM than SwinIR,
and also obtains a lower LPIPS score. Specifically, Bicubic achieves a PSNR of
25.333, SSIM of 0.518, and LPIPS of 0.513, while SwinIR obtains a PSNR of
24.696, SSIM of 0.485, and LPIPS of 0.572. These results indicate that, under our
evaluation setting, the generic SwinIR model does not improve reconstruction
fidelity over the Bicubic baseline for contactless fingerprint images.

Table 2: SR reconstruction quality on the fair sampled evaluation set.
Model PSNR ↑ SSIM ↑ LPIPS ↓

Bicubic 25.333 0.518 0.513
SwinIR 24.696 0.485 0.572

SwinIR is lower than Bicubic by 0.637 PSNR and 0.033 SSIM, and higher by
0.059 LPIPS. Since lower LPIPS is better, all three metrics consistently favor
Bicubic in this setting.

The visual comparison in Figure 2 provides qualitative evidence consistent
with the quantitative results. Each row shows the clean reference, the degraded
low-resolution input, the Bicubic output, and the SwinIR output. In the repre-
sentative samples, both reconstruction methods recover the global finger region,
but fine ridge structures remain difficult to restore. SwinIR does not visibly re-
cover stable ridge details beyond Bicubic, and in some cases appears to smooth
or alter local ridge-like texture. This observation is consistent with the lower
PSNR/SSIM and higher LPIPS obtained by SwinIR.
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Fig. 2: Visual comparison of fingerprint super-resolution outputs. The upper
panel shows two representative samples with four columns: clean contactless
reference, degraded low-resolution input, Bicubic reconstruction, and SwinIR
reconstruction. The lower panel magnifies the same central ridge region from
the second sample, making the loss and alteration of fine ridge structure directly
visible.

These results suggest a domain mismatch between generic image super-
resolution and contactless fingerprint restoration. Fingerprint images require
preservation of ridge-valley structures and minutiae-relevant geometry, while
a generic image restoration model may not be optimized for such biometric
constraints. Therefore, image-level fidelity alone is insufficient to determine bio-
metric leakage, motivating the following analyses on minutiae extraction and
identity matching.

4.2 Minutiae Extractability

We next evaluate how many minutiae can be extracted from different image rep-
resentations. Minutiae count is an intermediate indicator of fingerprint template
extractability. However, it should not be interpreted directly as identity leakage,
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because extracted minutiae may include false, unstable, or non-corresponding
points.

Table 3 jointly reports minutiae extractability and downstream matching per-
formance. Raw contactless images yield only 51.19 minutiae on average. SwinIR
+ enhancement yields 197.50 minutiae, slightly above the livescan average of
164.36, while Clean contactless + enhancement yields 421.94.

Table 3: Minutiae extractability and contactless-to-livescan matching perfor-
mance.
Representation Mean Minutiae Genuine Mean Impostor Mean EER

Raw contactless 51.19 0.94 0.94 0.5008
SwinIR + enhancement 197.50 6.93 6.94 0.4998
Clean contactless + enhance-
ment

421.94 5.78 5.80 0.4955

Livescan 164.36 – – –

The unusually high count of Clean contactless + enhancement requires care.
This image is not super-resolved; it is the clean cropped contactless image after
the same enhancement used before MINDTCT and therefore measures the effect
of enhancement alone. The pipeline can strongly amplify ridge-like structures and
produce many detections that are not necessarily stable or identity-consistent.
Table 3 supports this interpretation: despite producing the largest number of
extracted minutiae, this representation has an EER of 0.4955.

Relative to raw contactless images, SwinIR + enhancement produces ap-
proximately 3.86 times more minutiae, while Clean contactless + enhancement
produces approximately 8.24 times more.

These results show that enhancement and super-resolution substantially in-
crease extractability. However, the magnitude requires care: Clean contactless
+ enhancement produces over twice the livescan count. Such an increase sug-
gests that enhancement introduces ridge-like structures or noise patterns that
are detected as minutiae without necessarily being stable or identity-consistent.

Figure 3 visualizes the distributions across all four representations. Beyond
the aggregate means in Table 3, it shows whether the increase reflects a consistent
distribution-wide shift or instead arises from a subset of images with unusually
many detections.

The key observation is that minutiae extractability improves substantially
after enhancement and super-resolution. Nevertheless, this does not itself es-
tablish biometric leakage. The next subsection therefore evaluates whether the
additional minutiae support genuine-versus-impostor identity separation.
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Fig. 3: Distribution of extracted minutiae counts. The figure compares raw con-
tactless, SwinIR + enhancement, Clean contactless + enhancement, and livescan
images. This visualization highlights that enhancement and super-resolution in-
crease minutiae extractability, but may also produce unusually high minutiae
counts relative to livescan fingerprints.

4.3 Identity Matching Performance

Finally, we evaluate whether the extracted templates enable identity-consistent
matching using the contactless-to-livescan protocol in Section 3. Contactless tem-
plates serve as probes and livescan templates as gallery references. Genuine pairs
share an identity, whereas impostor pairs use different finger identities. A rep-
resentation that leaks identity should produce consistently higher genuine than
impostor scores, resulting in a low EER.

Table 3 reports matching performance for the three contactless representa-
tions against livescan templates. Genuine and impostor means are nearly identi-
cal and all EERs are close to 0.5, indicating near-random verification. Although
enhancement and SwinIR raise mean scores relative to raw contactless images,
they raise genuine and impostor scores similarly. The higher score level therefore
provides no meaningful identity separation or identity-specific leakage under the
NBIS protocol.

Figure 4 presents the corresponding ROC curves. All three curves remain
close to the chance diagonal over most operating points, consistent with their
EER values near 0.5 and confirming that the evaluated representations provide
little genuine–impostor discrimination.

The genuine and impostor score distributions overlap substantially in all
three experiments, directly explaining the high EERs and confirming that the
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Fig. 4: ROC curves for contactless-to-livescan matching. Raw contactless, Clean
contactless + enhancement, and SwinIR + enhancement probes are compared
against livescan gallery templates. Curves near the diagonal indicate weak iden-
tity separability under the evaluated matching protocol.

extracted minutiae templates are not identity-consistent with the corresponding
livescan references.

Overall, the experimental results separate reconstruction quality, minutiae
extractability, and identity leakage. Bicubic achieves better image reconstruc-
tion metrics than SwinIR, while enhancement and SwinIR increase the number
of extractable minutiae. However, the additional detections do not translate
into identity-consistent matching against livescan fingerprints. Visual restora-
tion quality and template extractability are therefore insufficient leakage proxies
without downstream identity matching.

5 DISCUSSION

Enhancement and super-resolution increase minutiae detections without improv-
ing identity separation. The similar rise in genuine and impostor scores suggests
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that many added detections are unstable or spurious, arising from amplified skin
texture, noise, or restoration artifacts rather than corresponding ridge structures.

The contactless-to-livescan domain gap further changes ridge appearance,
scale, perspective, and alignment [5, 9]. A same-domain livescan sanity check
confirms that the NBIS backend remains discriminative (genuine mean 101.81,
impostor mean 9.29, EER 0.0638), whereas the cross-domain EERs remain near
0.5. Thus, our result is limited to the evaluated generic-SR and NBIS protocol;
fingerprint-specific restoration, alignment, enhancement, or learned cross-domain
matching may yield different leakage behavior.

6 THREATS TO VALIDITY

Our conclusions are bounded by four factors. First, MINDTCT and Bozorth3
are reproducible but not optimized for contactless-to-livescan matching [5, 12].
Second, SwinIR is a generic rather than fingerprint-specific restoration model
[8]. Third, ISPFDv2 acquisition conditions and the enhancement pipeline may
limit generalization. Finally, EER captures minutiae-based verification but not
forensic cues or attacks using neural matchers. Consequently, the absence of
leakage here does not establish universal safety.

7 CONCLUSION

We evaluated fingerprint super-resolution through reconstruction quality, minu-
tiae extraction, and cross-domain matching. Bicubic outperforms SwinIR in
PSNR, SSIM, and LPIPS, while enhancement greatly increases minutiae de-
tections. Nevertheless, all contactless representations yield EERs near 0.5 under
the evaluated NBIS protocol.

Biometric leakage should therefore be assessed through identity-consistent
downstream matching rather than visual quality or minutiae count alone. Future
work should test fingerprint-specific restoration, stronger cross-domain matchers,
and broader datasets.
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