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Abstract

Thermal super-resolution (SR) is commonly trained and
evaluated using synthetic degradations such as bicubic
downsampling, which do not reflect real infrared sensor
characteristics such as optics, noise, aliasing, and in-
camera processing. We introduce DIRT-SR38, the first pub-
licly available real paired cross-sensor thermal sequence
dataset acquired under a standardized clinical dynamic in-
frared thermography (DIRT) cooling—rewarming protocol.
The dataset contains synchronized low-resolution (LR) and
high-resolution (HR) thermal recordings from 38 healthy
female participants, with 810 aligned LR—HR frame pairs
per subject (30,780 pairs in total). We benchmark represen-
tative SR methods and show a large performance gap be-
tween real-paired training and conventional synthetic bicu-
bic training, confirming that synthetic degradations do not
adequately model real thermal imaging pipelines. We fur-
ther show that synthetic pretraining followed by fine-tuning
on limited real paired data can recover strong performance,
highlighting the value of real paired datasets even at modest
scale.

1. Introduction

Thermal imaging enables contactless observation of surface
temperature and is widely used in biomedical monitoring,
surveillance, and industrial inspection. However, compared
to visible-spectrum cameras, thermal sensors typically of-
fer substantially lower spatial resolution due to focal-plane
array constraints, optics, and hardware trade-offs. Image
super-resolution (SR) provides a practical way to enhance
spatial detail without modifying acquisition hardware, but
progress in thermal SR remains limited by the lack of real-
istic training and evaluation data.

Most learning-based SR pipelines are developed and
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benchmarked using synthetic degradations, commonly gen-
erated by bicubic or Gaussian downsampling of high-
resolution (HR) images. While convenient, such models
are poor proxies for real thermal imaging pipelines, where
degradations arise from sensor-specific modulation transfer
characteristics, aliasing, NETD-driven noise, internal non-
uniformity correction (NUC), and proprietary in-camera
processing. As a result, models trained on synthetic down-
sampling often generalize poorly to real infrared data, a dis-
crepancy that has been highlighted in real-world SR bench-
marks [2, 31], leaving a persistent gap between reported
benchmark performance and practical deployment.

The value of physically measured low-resolution (LR)
and HR pairs has recently been demonstrated in adjacent
spectral domains. In hyperspectral imaging, Ulrichsen
et al. [29] showed that SR models trained on authentic
cross-resolution acquisitions substantially outperform those
trained with synthetic downsampling. Within thermal imag-
ing, real paired datasets and benchmarking efforts have be-
gun to emerge, including Real-infraredSR [35] and multi-
camera initiatives such as the PBVS Thermal Image Super-
Resolution Challenge [23, 25]. However, existing ther-
mal SR datasets primarily contain static images or generic
scenes, leaving clinically motivated, temporally resolved
thermography largely unaddressed.

Dynamic infrared thermography (DIRT) measures the
thermal recovery process following a controlled stimu-
lus (typically cooling), and is increasingly used to study
perfusion-related rewarming patterns in biomedical appli-
cations. In reconstructive surgery, DIRT has been investi-
gated for perforator visualization and selection in deep infe-
rior epigastric perforator (DIEP) flap breast reconstruction,
where accurate spatial depiction of rewarming dynamics is
clinically relevant [7, 14, 18, 33]. Recent work further ex-
plores automated and Al-based analysis of DIRT sequences
for perforator mapping [3, 5]. Despite this growing interest,



to date no publicly available dataset provides real paired
cross-sensor thermal sequences acquired under a standard-
ized clinical DIRT cooling-rewarming protocol.

In this work, we introduce DIRT-SR38, a real paired
cross-sensor thermal sequence dataset acquired under a
standardized abdominal DIRT cooling—rewarming protocol
using synchronized dual-camera recordings. The protocol
reflects clinical perforator mapping for DIEP flap breast re-
construction and includes recordings from 38 healthy fe-
male participants. For each subject, we provide a steady-
state baseline sequence and a dynamic rewarming sequence,
yielding 810 aligned LR and HR frame pairs per participant
(30,780 paired samples in total).

We benchmark representative state-of-the-art SR meth-
ods on the real paired data and quantify the domain gap be-
tween real-paired training and conventional synthetic bicu-
bic training. Our results show consistent degradation un-
der synthetic training, highlighting the importance of phys-
ically measured LR-HR pairs in realistic clinical settings.
We further show that synthetic pretraining followed by lim-
ited real-data fine-tuning can recover strong performance,
indicating that real paired data remain highly valuable even
when only modest amounts are available.

The main contributions of this work are:
DIRT-SR38: the first publicly available real paired cross-
sensor thermal sequence dataset acquired under a stan-
dardized clinical DIRT protocol, comprising 38 subjects
and 30,780 aligned LR-HR frame pairs.
A reproducible acquisition and pairing pipeline for clin-
ical thermal SR, including synchronized dual-sensor
recording, cross-sensor geometric registration, and LR
temporal stabilization preprocessing.
A benchmark of representative SR methods showing a
substantial performance gap between real-paired training
and synthetic bicubic training on thermal data.
An analysis of synthetic pretraining followed by real fine-
tuning, showing that strong performance can be achieved
with substantially fewer real subjects, highlighting the
value of real paired datasets even in limited-data settings.

The DIRT-SR38 dataset, including the of-
ficial  train/validation/test  split used in  this
work, is  publicly available on Zenodo at

https://doi.org/10.528 1/zenodo.19241293 [8].

2. Related Work

2.1. Single-Image Super-Resolution

Deep learning has become the dominant paradigm for
single-image SR, evolving from early convolutional net-
works [9, 15] to adversarial approaches [16, 30] and
transformer-based architectures [4, 17, 19]. Beyond
distortion-oriented reconstruction, recent work addresses
blind and real-world SR, where the degradation process is
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unknown [2, 31, 34].

Cai et al. [2] introduced a real-world SR benchmark
highlighting the gap between synthetic bicubic training and
real camera degradations. Zhang et al. [34] proposed prac-
tical degradation modeling to approximate real imaging
pipelines, while Real-ESRGAN [31] further refined syn-
thetic degradation simulation for blind SR training.

2.2. Real Paired Spectral and Thermal SR

Real paired datasets provide direct supervision from phys-
ically measured LR and HR observations. In hyperspec-
tral imaging, Ulrichsen et al. [29] demonstrated that train-
ing on authentic cross-resolution acquisitions leads to im-
proved reconstruction fidelity compared to synthetic down-
sampling.

In the infrared domain, Zhou et al. [35] introduced Real-
infraredSR, a dataset acquired using a thermal imager, and
analyzed discrepancies between synthetic and measured
degradations. To address this mismatch, they collect real
LR-HR image pairs by varying the focal length of an in-
frared zoom lens. Similarly, Rivadeneira et al. [23, 24]
proposed a multi-camera acquisition setup and later or-
ganized the PBVS Thermal Image Super-Resolution chal-
lenge [25]. The PBVS dataset contains over one thousand
aligned thermal scenes acquired at different native resolu-
tions and serves as a benchmark for real thermal SR evalu-
ation.

Existing real paired thermal SR datasets are primarily
static image-based and target general scenes. To date, pub-
licly available datasets do not focus on standardized clin-
ical DIRT sequences acquired under controlled cooling—
rewarming protocols.

2.3. Dynamic Infrared Thermography

DIRT analyzes tissue rewarming after a controlled thermal
challenge and has been investigated for perforator map-
ping and perfusion assessment in reconstructive surgery
[7, 14, 18, 33]. Standardization of cooling methodology and
acquisition setup is discussed in clinical literature [6, 28], as
protocol variations may influence thermal recovery dynam-
ics.

Recent studies explore automated and Al-based analysis
of DIRT data for perforator detection and vascular assess-
ment [3, 5]. However, these works operate on single-sensor
acquisitions, and no public dataset currently provides real
paired cross-sensor thermal sequences under a standardized
DIRT protocol.

3. Dataset

3.1. Overview

DIRT-SR38 consists of synchronized LR and HR ther-
mal image sequences acquired from 38 participants under



a standardized abdominal DIRT cooling—rewarming proto-
col. Each subject includes a 30-second steady-state base-
line sequence (90 frames) and a 4-minute dynamic rewarm-
ing sequence (720 frames), resulting in 810 aligned LR-HR
frame pairs per subject and 30,780 paired samples in total.

All recordings were originally acquired in radiometric
mode. However, the released dataset contains intensity-
normalized PNG images rather than absolute temperature
values. Normalization is performed per sequence and ap-
plied consistently to aligned LR—HR pairs to remove global
offsets and sensor drift effects while preserving relative spa-
tial temperature patterns.

Both 8-bit and 16-bit normalized PNG versions are pro-
vided. In these benchmark formats, pixel values represent
relative thermal intensity within each sequence and should
not be interpreted as calibrated degrees Celsius. LR in-
puts are provided at 108 x 108 resolution and HR targets
at 216 x 216, corresponding to a x2 scaling factor.

The dataset and official split are available on Zenodo [8].

3.2. Participants

The dataset includes recordings from 38 healthy adult fe-
male volunteers (>21 years of age; age range 21-59 years,
mean 33.7 & 9.2 years; BMI range 19.1-32.4 kg/m?, mean
23.2 £ 2.6 kg/m?).

Only female participants were included, as the dataset is
acquired under a clinically standardized DIRT protocol for
DIEP flap breast reconstruction planning, which is exclu-
sively performed in women.

This study was conducted in accordance with institu-
tional ethical guidelines for research involving human par-
ticipants. Written informed consent was obtained from all
volunteers prior to data acquisition.

The dataset is fully anonymized prior to release. Each
participant is represented by a random subject identifier
(PO1-P38), and no metadata enabling re-identification is
provided.

3.3. DIRT Protocol

Data are collected under a standardized cooling-rewarming
DIRT protocol used for perforator mapping in DIEP flap
breast reconstruction planning [6]. All acquisitions were
performed in a temperature-controlled room maintained at
21°C to ensure consistent thermal recovery dynamics across
subjects.

Each measurement consists of:
¢ a 30-second steady-state baseline recording,

* a four-minute rewarming sequence after a controlled ab-
dominal cooling stimulus.

The abdominal region-of-interest (ROI) corresponds to
the donor site used in DIEP flap breast reconstruction pro-
cedures (Fig. 1). This region is clinically relevant, as the
perforator vessels that supply the DIEP flap originate in this
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Figure 1. Clinically relevant abdominal ROI used in all DIRT-
SR38 acquisitions. The square covers a 150x 150 mm area cen-
tered on the umbilicus, corresponding to the standard donor-site
region for DIEP flap breast reconstruction. All LR-HR pairs are
aligned and cropped to this ROI.

abdominal area. In DIRT-based perforator mapping, spatial
rewarming patterns within this region provide information
on vascular supply and are therefore of primary clinical in-
terest. All recordings are centered on this standardized ab-
dominal ROL

3.4. Sensors

The HR modality is captured using a FLIR A655sc (Tele-
dyne FLIR, USA), an uncooled microbolometer operating
in the 7.5-14 ym spectral range. The detector provides
640480 pixels with a 17 um pixel pitch and a thermal sen-
sitivity (NETD) below 30 mK. A 25° lens is used, resulting
in a horizontal field-of-view (HFOV) of approximately 25°.

The LR modality is acquired using a Mosaic Core SEEK
Thermal module (Seek Thermal Inc., USA), also operat-
ing in the 7.5-14 yum spectral band. The sensor provides
320x240 pixels with a NETD of approximately 70 mK and
a HFOV of 24°. Compared to the HR camera, the LR sen-
sor differs in spatial sampling density, optical characteris-
tics, modulation transfer function (MTF), and internal non-
uniformity correction (NUC) behavior, resulting in distinct
noise and aliasing properties. The key specifications of both
sensors are summarized in Table 1.

Both sensors were intrinsically calibrated prior to data
collection using a planar thermal calibration target. Lens
distortion was corrected and all released frames are pro-
vided in the undistorted image domain.

All recordings are acquired in radiometric mode and
stored in calibrated degrees Celsius. Emissivity is set to
0.98, consistent with human skin. Ambient temperature pa-
rameters are manually configured prior to acquisition to en-



Table 1. Thermal camera specifications.

FLIR A655sc  SEEK Mosaic Core
Resolution 640x480 320x240
Pixel pitch (um) 17 12
Spectrum (um) 7.5-14 7.5-14
NETD (mK) < 30 ~ 70
HFOV (°) 25 24
Frame rate (Hz) 50 27
Radiometric Yes Yes

sure stable absolute temperature estimation.

3.5. Temporal Synchronization

The two modalities are recorded asynchronously (LR:
27Hz; HR: 50Hz). Frame-level timestamps are stored for
both streams. For each released LR frame (subsampled to
3 Hz), the temporally closest HR frame is selected via post-
hoc timestamp-based nearest-neighbor matching. Given the
20 ms sampling interval of the HR sensor, the maximum
temporal misalignment is bounded by 10 ms. At the final
3 Hz release rate, this corresponds to a relative deviation be-
low 3%, which is negligible with respect to the slow thermal
dynamics observed in DIRT.

3.6. Geometric Configuration

Both thermal cameras are rigidly mounted on a custom
3D-printed dual-sensor mount at a working distance of
1000 mm from the subject, with an inter-sensor baseline of
80 mm between optical centers (Fig. 2). To ensure a consis-
tent acquisition distance across all measurements, an aux-
iliary IFM O3D303 time-of-flight sensor (IFM Electronic
GmbH, Germany) is integrated into the mount and used ex-
clusively for distance verification and positioning prior to
recording; no depth data are stored or included in the re-
leased dataset. The cameras are arranged in a symmetric
convergent configuration such that their optical axes inter-
sect at the acquisition distance of 1000 mm, with the inter-
axis convergence angle mechanically constrained to 4.58°
by the 3D-printed mount.

At this working distance, the slight difference in horizon-
tal field-of-view (25° for HR; 24° for LR) produces near-
complete spatial overlap within the 150 150 mm abdomi-
nal ROI while keeping parallax effects geometrically con-
sistent and limited in magnitude.

This controlled acquisition geometry ensures realistic
cross-sensor observations while preserving sufficient spatial
sampling density in the HR modality to serve as a reference
domain.

3.7. Geometric Alignment

To obtain spatially aligned LR—-HR image pairs, we register
the LR sensor to the HR reference using a global planar ho-
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Figure 2. Dual-sensor acquisition mount used for DIRT-SR38.
(A) IFM 0O3D303 ToF sensor used for distance verification only
(not included in the dataset), (B) FLIR A655sc HR thermal cam-
era, (C) SEEK Mosaic Core LR thermal camera.

mography. Because all acquisitions use a fixed camera rig,
a controlled working distance of 1000 mm, and standard-
ized supine subject positioning, the abdominal ROI lies ap-
proximately on the same imaging plane across subjects. A
one-time calibration is therefore performed by manually se-
lecting N = 12 cross-sensor correspondences. The homog-
raphy matrix H is estimated using RANSAC-based least
squares with a reprojection threshold of 3px [11, 12]:

e))

where x denotes homogeneous image coordinates. The
resulting calibration achieves a reprojection root-mean-
square error (RMSE) of 1.12 px on the selected correspon-
dences.

Since the camera positions remain fixed throughout data
collection, the estimated homography is reused for all sub-
jects and sequences. For each measurement, we define a
150x 150 mm abdominal ROI relative to the umbilicus lo-
cation. In the HR camera, this region corresponds to a
216 x 216 pixel crop. The LR content is projected onto
this HR ROI grid using perspective warping.

To compensate for small residual misalignments, we ap-
ply an Enhanced Correlation Coefficient (ECC) [10] refine-
ment step with a translation-only motion model. ECC is
performed in the gradient domain (Sobel magnitude) and
optimized using a maximum of 200 iterations with a con-
vergence tolerance of 1075,

Across the dataset, ECC refinement was evaluated over
2052 sampled LR-HR frame pairs across subjects. The

xrLr ~ Hxgr,



refinement requires subpixel corrections on average (mean
|ds;| = 0.36 px, mean |d,| = 0.60 px), with 95th percentiles
of 1.44 px and 1.60 px, respectively. The mean ECC corre-
lation coefficient after convergence is 0.94, indicating stable
Cross-sensor registration.

3.8. Thermal Preprocessing

Thermal sensors may exhibit temporal drift and fixed-
pattern effects, and commonly rely on NUC procedures,
which can introduce global intensity discontinuities in prac-
tice [13, 20-22].

Preprocessing is applied exclusively to the LR modality;
HR images remain unmodified and serve as the reference
domain. To improve temporal consistency of the LR modal-
ity, we apply two preprocessing steps after geometric align-
ment: (i) robust NUC jump correction and (ii) monotonic
warm-up stabilization.

3.8.1. NUC Jump Detection and Correction
Let I; denote the aligned LR ROI at frame ¢, and let m;
be its median intensity. The median statistic is used due to
its robustness against localized thermal extrema and spatial
outliers. We compute the temporal difference

2)

At =My — Myp_1.

Abrupt global intensity offsets are consistent with
gain/offset-based non-uniformity correction and drift phe-
nomena reported for infrared focal-plane arrays [13, 21, 22].
To detect abrupt global intensity shifts, we evaluate a robust
z-score of A; using the median and median absolute devia-
tion (MAD):

Ay —median(A)
~ 1.4826 - MAD(A)

27]. 3)

Zt

A frame is marked as a NUC event when |z;| > 8. Detected
jumps partition the sequence into temporal segments. For
each segment boundary, we estimate the median intensity
level immediately before and after the jump and apply a
segment-wise additive offset to enforce median continuity
across segments. Since the correction is spatially uniform
within each frame, relative spatial temperature gradients re-
main unaffected.

3.8.2. Monotonic Warm-up Stabilization

During early acquisition, thermal sensors may exhibit stabi-
lization effects that violate the expected monotonic rewarm-
ing behavior under the DIRT protocol. To enforce physi-
cally plausible dynamics, we apply isotonic regression to
the sequence of median intensities {m,}. Specifically, we
solve

4)

I’I}il’l E (mt — mt)Q S.t. mt+1 > ’ﬁ’Lt,
me
t
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using the pool-adjacent-violators algorithm (PAVA) [1, 26].
The resulting correction 7 — my is applied as a frame-wise
additive offset.

Together, these preprocessing steps reduce sensor-
induced temporal artifacts while preserving relative temper-
ature patterns relevant for dynamic infrared thermography
analysis.

3.9. Low-Resolution Resampling

After geometric alignment, the HR ROI is defined at 216 x
216 pixels. Over the same physical region, the correspond-
ing LR ROI spans 112 x 112 pixels, reflecting the native
cross-sensor resolution difference and slight field-of-view
mismatch.

To enable standardized x2 SR benchmarking, LR inputs
are resampled to 108 x 108 pixels using area-based inter-
polation while HR targets remain at 216 x 216. The small
adjustment in sampling density enforces an integer scaling
factor while adding limited interpolation blur relative to the
intrinsic sensor degradation.

3.10. Intended Use and Scope

DIRT-SR38 is intended for research on thermal image SR,
cross-sensor degradation modeling, and DIRT analysis un-
der controlled acquisition conditions; it is not intended for
clinical diagnosis, medical decision making, or direct pa-
tient care.

4. Experiments

4.1. Experimental Setup

We evaluate x2 cross-sensor thermal SR on DIRT-SR38.
The dataset contains recordings from 38 participants, each
providing a steady-state baseline sequence and a dynamic
rewarming sequence acquired under the standardized DIRT
protocol.

To ensure subject independence between training and
evaluation, we adopt a subject-wise split. Specifically, 30
subjects are used for training (24,300 paired frames), 4 for
validation (3,240 pairs), and 4 for testing (3,240 pairs).
This protocol prevents information leakage between sub-
jects and reflects realistic deployment scenarios in which
models must generalize to previously unseen individuals.

Each sample consists of a LR input image of size 108 x
108 and a corresponding HR target of size 216 x 216, cor-
responding to a x2 scaling factor.

All models are trained and evaluated on normalized 8-
bit thermal images derived from the original radiometric
recordings. The input therefore consists of single-channel
thermal intensity images.

Performance is evaluated using Peak Signal-to-Noise
Ratio (PSNR) and Structural Similarity Index (SSIM). Met-
rics are computed per frame over the full 216 x 216 ROI and



averaged across the complete test set.

4.2. Benchmark Methods

To obtain an architecturally diverse benchmark, we se-
lect methods spanning classical interpolation, transformer-
based reconstruction, diffusion-based generative SR, and
adversarial real-world SR. This diversity enables a struc-
tured comparison between distortion-oriented reconstruc-
tion models and perceptual or generative approaches under
physically measured cross-sensor thermal degradations.

All benchmark models are implemented using their of-
ficial architectures and training configurations as described
in the original publications. No architecture modifications
or task-specific hyperparameter tuning were performed, en-
suring a fair and reproducible comparison.

Bicubic interpolation serves as a classical non-learning
baseline and provides a lower-bound reference under purely
interpolation-based upscaling.

SwinlR [17] is a shifted-window transformer for image
restoration and represents strong distortion-oriented recon-
struction optimized for PSNR/SSIM performance.

HAT [4] extends transformer-based SR with hybrid spa-
tial and channel attention mechanisms, serving as a high-
capacity state-of-the-art reconstruction model.

SinSR [32] formulates SR as a single-step diffusion pro-
cess, allowing us to evaluate whether generative prior mod-
eling benefits cross-sensor thermal SR.

ESRGAN [30] introduces adversarial perceptual train-
ing for texture enhancement, while Real- ESRGAN [31] ex-
tends this framework with degradation-aware modeling for
real-world image restoration. Although originally designed
for RGB imaging pipelines, it provides a useful baseline for
evaluating real-world cross-sensor SR.

4.3. Training Regimes

We investigate three training regimes in order to analyze the
difference between synthetic and real cross-sensor degrada-
tions.

4.3.1. Real-Paired Training

Models are trained directly on the physically measured LR—
HR pairs provided by DIRT-SR38. This regime captures
the true cross-sensor degradation characteristics present in
the dataset, including differences in spatial sampling, opti-
cal transfer characteristics, and sensor noise.

4.3.2. Synthetic Training

In the synthetic regime, LR inputs are generated from the
HR targets using bicubic downsampling with scale factor
x2. This mirrors common single-image SR practice and
serves as a reference setting for synthetic degradation mod-
eling.
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Table 2. Quantitative x2 SR results on DIRT-SR38. Training
on measured real LR-HR pairs consistently outperforms training
on synthetic bicubic degradations, confirming a substantial real-
vs-synthetic domain gap. SinSR performs best overall, followed
closely by HAT.

Method PSNR T SSIM 1
Bicubic Real 22.47 0.6853
Synthetic 23.40 0.7709
SwinIR Real 34.80 0.9724
Synthetic 23.10 0.7709
HAT Real 35.25 0.9759
Synthetic 26.03 0.9710
SinSR Real 35.63 0.9772
Synthetic 26.10 0.9616
ESRGAN Real 29.98 0.9641
Synthetic 22.14 0.7140
Real-ESRGAN Real 31.39 0.9657
Synthetic 23.18 0.7424

4.3.3. Synthetic Pretraining with Real Fine-Tuning

Collecting real paired LR-HR observations is expensive
and often results in relatively small training datasets. A
common strategy in image restoration is therefore to first
train models on synthetic degradations and subsequently
adapt them to real measurements through fine-tuning.

Following this paradigm, we investigate a two-stage
training strategy. Models are first pretrained using synthetic
LR images generated from the HR targets via bicubic down-
sampling (x2). After convergence, the pretrained models
are fine-tuned on the real paired cross-sensor observations
provided by DIRT-SR38.

To analyze the data efficiency of this approach, we
vary the number of subjects used during the real-data fine-
tuning stage while keeping the validation and test sets
fixed. Specifically, fine-tuning is performed using sub-
sets of {2,4,6,8,10} training subjects, corresponding to
{1620, 3240, 4860, 6480, 8100} real LR-HR frame pairs.
For reference, the full training set contains 30 subjects
(24,300 paired frames), meaning that the fine-tuning stage
uses between 6.7% and 33.3% of the available real training
data.

This training regime allows us to study how quickly pre-
trained models adapt to real cross-sensor degradations and
whether synthetic pretraining improves reconstruction per-
formance when only limited real paired data are available.

4.4. Results

4.4.1. Real-Paired vs. Synthetic Training
Table 2 summarizes SR performance on the DIRT-SR38
test set for both real-paired and synthetic training regimes.

All learning-based approaches significantly outper-
form bicubic interpolation when trained on real paired
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Figure 3. Qualitative analysis on DIRT-SR38. Top: three representative test subjects with highest, median, and lowest PSNR (top to
bottom). For each subject, the leftmost image is the HR reference, followed by reconstructions from SwinlR, HAT, SinSR, ESRGAN,
and Real-ESRGAN, each shown for models trained on synthetic bicubic LR data and on real paired LR-HR data. The row below each
reconstruction shows the absolute error map |Pred — GT| on a shared color scale. Real-paired training generally yields lower errors and
reconstructions closer to the HR target. Middle: zoomed view of the boxed HR region, comparing real-trained (top row) and synthetic-
trained (bottom row) models; real-paired training better preserves local thermal structure and contrast. Bottom: measured LR image
versus synthetic LR images produced by standard HR downsampling operators, together with absolute error maps relative to measured
LR. Despite their visual similarity, all interpolation-based degradations show structured residual errors, indicating that common synthetic
downsampling does not match the real LR sensor formation process.
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data. Among the evaluated methods, the diffusion-based
SinSR model achieves the highest reconstruction accuracy
(35.63 dB PSNR and 0.9772 SSIM), followed closely by the
transformer-based HAT model (35.25 dB / 0.9759). SwinIR
also performs strongly, confirming that distortion-oriented
transformer architectures are effective for thermal SR.

GAN-based approaches such as ESRGAN and Real-
ESRGAN obtain lower PSNR than the reconstruction-
focused models. This is consistent with their percep-
tual training objectives, which emphasize visual realism
rather than strict pixel-wise fidelity. In thermal imaging,
where relative spatial temperature patterns are important,
distortion-oriented reconstruction objectives appear better
aligned with the evaluation metrics used in this work.

A substantial performance gap is observed when models
are trained on synthetic bicubic downsampling instead of
real sensor observations. For example, SinSR drops from
35.63dB to 26.10dB when trained on synthetic data, while
HAT decreases from 35.25 dB to 26.03 dB. Across the eval-
uated architectures, the PSNR reduction ranges from ap-
proximately 7 to more than 11dB. This consistent degra-
dation indicates that bicubic downsampling does not ade-
quately reproduce the degradation characteristics of the LR
thermal sensor.

The qualitative comparisons in Fig. 3 support these quan-
titative trends. Across representative easy, median, and dif-
ficult test cases, models trained on real paired data gener-
ally produce reconstructions that more closely match the
HR reference and yield lower absolute errors than the same
architectures trained on synthetic bicubic degradations. The
bottom panel further shows that, although interpolation-
based synthetic LR images may appear visually plausible,
they still differ systematically from the measured LR obser-
vations. These discrepancies help explain the large perfor-
mance gap between synthetic and real-paired training.

Overall, the results highlight the importance of physi-
cally measured LR-HR pairs for developing and evaluating
SR methods for thermal imaging systems.

4.4.2. Synthetic Pretraining with Real Fine-Tuning

We evaluate whether synthetic pretraining improves data ef-
ficiency when adapting to real cross-sensor thermal degra-
dations. Due to computational constraints, this experiment
is conducted only with HAT, which provides a strong recon-
struction baseline while being substantially more efficient to
train than SinSR.

HAT is first pretrained on synthetic bicubic x2 down-
sampling and subsequently fine-tuned on real LR-HR pairs
from DIRT-SR38. During fine-tuning, we vary the num-
ber of subjects used for real supervision while keeping the
validation and test sets fixed.

Table 3 shows that performance improves consistently as
more real paired subjects are used for fine-tuning. With only
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Table 3. HAT performance with synthetic pretraining and fine-
tuning on increasing amounts of real paired DIRT-SR38 data.
While synthetic pretraining alone performs poorly, adding even
a few real subjects strongly improves PSNR. Fine-tuning on 8-10
subjects matches or slightly exceeds training on the full real-only
set, indicating improved data efficiency.

Training Regime Real LR-HR Pairs PSNR 1
Synthetic 0 26.03
Real (30 subjects) 24,300 35.25
Synthetic 4+ Real (2 subjects) 1,620 32.94
Synthetic + Real (4 subjects) 3,240 33.76
Synthetic + Real (6 subjects) 4,860 34.33
Synthetic 4+ Real (8 subjects) 6,480 35.66
Synthetic + Real (10 subjects) 8,100 35.66

two subjects, the model already reaches 32.94 dB PSNR, in-
dicating that synthetic pretraining provides a useful initial-
ization for real-data adaptation. Performance increases to
35.66 dB with eight subjects and saturates thereafter, with
only a marginal gain at ten subjects.

Notably, performance after fine-tuning with 8-10 sub-
jects matches and slightly exceeds the result obtained by
training HAT directly on the full real training set (Table 2),
despite using substantially fewer real subjects. This sug-
gests that synthetic pretraining can reduce the amount of
real paired data needed for strong performance. Since this
experiment is limited to HAT, we do not claim that the same
behavior necessarily transfers to other architectures.

5. Conclusion

We presented DIRT-SR38, the first publicly available real
paired cross-sensor thermal sequence dataset acquired un-
der a standardized clinical DIRT cooling-rewarming pro-
tocol. The dataset contains 30,780 aligned LR-HR frame
pairs from 38 participants and supports realistic benchmark-
ing of thermal image super-resolution under clinically rele-
vant acquisition conditions.

Our experiments show a pronounced domain gap be-
tween synthetic bicubic training and real-paired cross-
sensor training: across all evaluated SR models, physically
measured LR-HR pairs yield substantially better perfor-
mance than synthetically downsampled data. Using HAT,
we further show that synthetic pretraining followed by real
fine-tuning can recover strong performance with only a lim-
ited amount of real paired data.
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