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Abstract

This work presents a strategy for guided thermal super-
resolution that replaces the conventional RGB guidance
with a pseudo-thermal image. The approach aims to en-
hance spectral alignment between the guidance and target
images, improving the transfer of structural and thermal in-
formation during reconstruction. The pseudo-thermal guid-
ance is generated using a diffusion model trained for ther-
mal image synthesis and integrated into several state-of-
the-art guided super-resolution methods. Experiments con-
ducted on the M3FD and CIDIS datasets at ×8 and ×16
scaling factors demonstrate consistent performance gains
over RGB-guided counterparts, including PSNR gains of up
to +1.64 dB, SSIM improvements of +0.0290, and LPIPS re-
ductions of 0.11 points. Visual results further confirm that
the proposed strategy yields sharper details, cleaner con-
tours, and perceptually superior reconstructions.

1. Introduction
Super-resolution (SR) is the process of transforming a low-
resolution image into a high-resolution version [35], recov-
ering fine details absent from the original input [1]. Current
SR research is dominated by deep learning approaches [1],
which achieve strong performance in reconstructing high-
frequency information and producing visually coherent out-
puts [17]. These advances have broadened the range of ap-
plications, including remote sensing [12, 34], medical imag-
ing [24], object detection [34], and surveillance [28, 35].

Guided super-resolution (GSR) is a variant of SR that in-
corporates an additional image to support the reconstruction
process [31]. Rather than relying solely on a low-resolution
input, the model uses information from a high-resolution
reference image to enhance detail recovery [38]. This strat-
egy is particularly effective when the guidance and target
images share structural or semantic similarities [32, 38],
enabling more accurate reconstruction of fine textures and
edges. It also facilitates the handling of large scaling fac-
tors, such as ×8, ×16, or ×32 [27], which are typically
difficult for single-image methods.

GSR has been applied across different image modali-
ties, including RGB images and depth maps [38]. However,
GSR of thermal images has gained particular relevance in
recent years [27]. This growing interest arises because ther-
mal images are typically captured at low-resolution, unless
high-end and costly sensors are used [27, 31]. This limi-
tation affects their applicability in surveillance and related
real-world settings [9], even though thermal imaging offers
unique advantages by capturing the heat radiation emitted
by objects [15, 25], and allows effective perception in dark-
ness and other environments with poor visibility [15].

In thermal GSR, RGB imagery is commonly used as
the high-resolution guidance [7, 23]. However, this strat-
egy introduces challenges that can degrade reconstruction
quality [31]. Most existing methods assume perfect pixel-
level alignment between the low-resolution thermal input
and the RGB guide [9], even though such alignment is dif-
ficult to achieve in practice [3, 9]. Thermal visible pairs
often present substantial spectral and structural differences
[9, 22], which can propagate errors during reconstruction
and reduce the effectiveness of the guidance.

Based on the above, this work proposes a thermal GSR
strategy in which the conventional RGB guidance is re-
placed by a synthetic thermal image. We argue that a
pseudo-thermal guide provides stronger semantic correla-
tion with the target thermal image and reduces domain
mismatch compared to RGB, thereby increasing the rele-
vance of the guidance features, particularly at high scal-
ing factors. The synthetic guide is generated using a Dif-
fusion Model (DM), given its demonstrated capacity for
high fidelity image-to-image generation. Experiments on
the M3FD and CIDIS datasets show that the proposed ap-
proach consistently outperforms standard RGB-based GSR.
The contributions of this work are as follows:
• We introduce a thermal GSR strategy in which the con-

ventional RGB guidance is replaced by a pseudo-thermal
image generated using a diffusion model.

• We demonstrate that the proposed approach improves
thermal GSR performance on the M3FD and CIDIS
datasets at both ×8 and ×16 scaling factors compared to
using an RGB guide.
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• We show that generating the pseudo-thermal guidance
with a diffusion model yields superior results compared
to alternative approaches such as GANs and Pix2Pix.

• We demonstrate that the strategy is model-agnostic, suc-
cessfully integrating with diverse SR architectures.

2. Related work
In thermal GSR, different approaches have been proposed.
Early work such as [20] reframes the task as a pixel-to-pixel
transformation from the RGB guide to the thermal domain,
enforcing consistency with the low-resolution thermal in-
put. The mapping is modelled with a multilayer perceptron
that uses the guide’s pixel values and spatial coordinates
without spatial mixing to preserve sharpness. To address the
misalignment between RGB and thermal images, [9] intro-
duces a Siamese dense block network with spatial attention,
offering two variants: one with a correlation based feature
alignment loss, and another that estimates a misalignment
map to warp the RGB guide before fusion.

Subsequent works adopt more sophisticated fusion ar-
chitectures. CoReFusion [16] employs a dual-encoder U-
Net with ResNet-34 backbones, merging RGB and ther-
mal features via element-wise maximum operations and in-
troducing contrastive regularization to enhance feature dis-
crimination. MGNet [36] advances this idea by extracting
complementary appearance, edge, and semantic cues from
the RGB guide through dedicated networks, embedding
them into the thermal representation via self- and cross-
attention in a Multicue Guidance Module, and progressively
fusing them to recover fine textures and structures.

Transformer-based designs have also been explored.
SwinFuSR [2] adopts a dual-branch Swin Transformer
model that merges RGB and thermal information through
Attention-guided Cross-domain Fusion blocks, and im-
proves robustness by randomly dropping RGB inputs dur-
ing training. SwinPaste [37] extends this idea with a pre-
training data mixing strategy for limited thermal data and
multi-scale supervision to enhance detail recovery. Along
similar lines, FW-SAT [13] combines global channel-spatial
attention, localized windowed self-attention, and a regional
aggregation module to capture multi-scale context.

Further advances include the MSFFCT model [23],
which concatenates upsampled thermal and RGB images
and uses multi-scale feature extraction with deformable
convolutions to handle modality misalignment, fusing infor-
mation through residual units with channel attention, trans-
posed convolutions, and a channel-wise transformer. In the
generative model category, DMs have been adapted to GSR.
An example is in [5], where a ResShift-based formulation
conditions the denoising process on RGB inputs, acceler-
ates inference, and refines outputs with a lightweight U-Net.

Although the reviewed approaches differ in architectural
design and fusion strategies, they largely rely on RGB im-

agery as the guiding modality, assuming it provides the
most effective information. However, this assumption does
not always hold. Methods such as [9] and [23] explicitly
address misalignment and modality differences, acknowl-
edging that RGB guidance can introduce artifacts or incon-
sistencies when geometric or photometric correspondence
with the thermal domain is imperfect. Likewise, when the
visible and thermal spectra capture fundamentally differ-
ent scene characteristics, transferring high-frequency de-
tails from RGB to thermal may propagate irrelevant or mis-
leading patterns.

Another observation is the growing interest in genera-
tive models within this domain, though their role remains
mostly as components within SR pipelines rather than as
stand-alone mechanisms for producing alternative guidance
signals. Overall, these patterns indicate that progress in the
field is shaped not only by architectural advances but also
by a persistent dependence on RGB guidance, which may
limit adaptability when RGB is suboptimal.

3. Methodology
3.1. Dataset description
M3FD The first dataset employed is the Multi-scenario
Multi-modality Dataset (M3FD) [18], which provides pairs
of spatially aligned visible and infrared images acquired
with a binocular optical-infrared sensor. It includes diverse
surveillance environments and objects, such as pedestrians,
vehicles, buildings, buses, and roads. The original release
contains 4,500 registered pairs with an average resolution
of 1024×768 pixels. In this work, we adopt the cropped
partitions from [29], where images are resized to 640×480
pixels. This split includes 826 pairs for training, 30 for val-
idation, and 20 for testing.

CIDIS The second dataset used is the Cross-spectral Im-
age Dataset for Image Super-resolution (CIDIS) [26]. It
contains 1,000 pairs of visible-thermal images captured
with a Balser camera and a TAU2 thermal sensor. Each pair
has a resolution of 640×448 pixels, with 700 images for
training, 200 for validation, and 100 for testing. The dataset
covers a range of predominantly outdoor scenes, including
vehicles, buildings, parks, pedestrians, and other elements
typical of urban and semi-urban environments. CIDIS has
also served as the benchmark for the Thermal Image Super-
Resolution Challenge at CVPR 2024 and 2025.

3.2. Proposed strategy
3.2.1. Overview
The proposed strategy replaces the conventional RGB guid-
ance used in thermal GSR with a synthetic thermal image to
reduce semantic and spectral mismatch with the target. This
enhances cross-modal correlation in feature space and helps
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Figure 1. Overview of the thermal guided super-resolution strategy
explored in this work.

the SR model recover finer details and sharper boundaries.
As shown in Fig. 1, we extend the standard GSR framework
by adding a pseudo thermal generation module that converts
the available RGB image into a high-resolution synthetic
thermal guide, which then replaces the RGB input in the
SR pipeline. The design is model agnostic, allowing inte-
gration with multiple state-of-the-art (SOTA) GSR methods
without modifying their original architectures.

3.2.2. Hypothesis and mathematical formulation
GSR aims to reconstruct a high-resolution target image ITHR

from a low-resolution version ITLR, with the aid of a high-
resolution guidance image IGHR from a different but related
modality. This process can be expressed as in Eq. 1:

ÎTHR = Fθ(I
T
LR, I

G
HR), (1)

where Fθ denotes a GSR model parameterized by θ, and
ÎTHR is the reconstructed image.

A key factor in the effectiveness of GSR is the cross-
modal correlation between IGHR and ITHR. In thermal GSR,
IGHR usually corresponds to an RGB image, which often
suffers from a domain gap with respect to the thermal
modality. We define this gap as the distance between the
representations of the two modalities in a shared feature
space ϕ(·), extracted by a suitable encoder as in Eq. 2:

∆G→T = D(ϕ(IGHR), ϕ(I
T
HR)), (2)

where D(·, ·) is a distance metric such as L2 or cosine dis-
similarity.

Our hypothesis is that replacing IGHR with a synthetic
pseudo-thermal image IPT

HR, generated to share the spectral
characteristics of ITHR, reduces ∆G→T , as in Eq. 3:

∆PT→T < ∆RGB→T . (3)

By narrowing this gap, the guidance features become
more semantically aligned with the target, enabling Fθ to
better transfer structural information and recover fine de-
tails, as in Eq. 4:

Q(Fθ(I
T
LR, I

PT
HR)) > Q(Fθ(I

T
LR, I

RGB
HR )), (4)

where Q(·) denotes a quality metric such as PSNR or SSIM.
Our proposed strategy builds directly on this theoreti-

cal formulation, employing a DM to generate the pseudo-
thermal images used as guidance. This approach is designed
to enhance the relevance of the transferred features and un-
lock the potential for more accurate and perceptually faith-
ful reconstructions.

3.2.3. Synthetic thermal generation
In this work, the generation of pseudo-thermal images is ad-
dressed using a diffusion-based model. DMs [10] have be-
come the SOTA for image generation and image-to-image
translation [19], offering strong semantic consistency and
stability across diverse scenarios [33]. These advantages
allow them to surpass Generative Adversarial Networks
(GANs) [6, 8]. Integrating a DM into our strategy there-
fore enables the production of realistic and structurally co-
herent pseudo-thermals that provide effective guidance for
subsequent SR.

Given that the goal of this study is to evaluate whether a
pseudo-thermal image can serve as a more effective guide
for GSR, and considering the wide availability of robust
DMs trained on large-scale datasets, we adopt an existing
model for generation. This choice isolates the variable of
interest and avoids the bias that could arise from a newly
designed, unvalidated generator. Using a well-established
model provides a stable and reproducible component, keep-
ing the analysis focused on the guidance itself. It also makes
the experimental process more efficient, since training DM
generators from scratch is computationally expensive [4],
requires large amounts of data [19], and would narrow the
scope of the study.

In this work, the Physics Informed Diffusion Model
(PID) [21] is used for pseudo-thermal generation. PID is
a conditional Latent Diffusion Model (LDM) that incorpo-
rates physics-based constraints into the denoising process to
ensure that the generated images comply with the radiomet-
ric principles of infrared imaging. It follows the standard
LDM formulation, where a clean image x0 is encoded into a
latent representation z0, progressively corrupted with Gaus-
sian noise over T steps, and then iteratively reconstructed
from noise using a neural network parameterized by ϵθ. As
shown in Fig. 2, PID incorporates three key components:
• Latent diffusion backbone: Based on U-Net, it takes as

input the noisy latent vector zt at timestep t, conditioned
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Figure 2. PID model used in this work for pseudo-thermal gener-
ation.

on a latent representation of the RGB guide. The network
predicts the noise component ϵθ, which is used to approx-
imate the previous denoising step zt−1.

• TeV decomposition network: The TeV decomposition
network (TeVNet) decomposes an image into tempera-
ture, emissivity, and thermal texture components. This is
used to compute two physics-informed losses: the physi-
cal reconstruction loss LRec, which enforces pixel-space
adherence to physical laws, and the TeV space loss LTeV ,
which enforces consistency in the decomposed physical
parameter space.

• Multimodal conditioning: The RGB input is encoded
into a conditioning vector with the same spatial resolu-
tion as the latent infrared representation. This condition-
ing is concatenated with the noisy latent input, ensuring
structural correspondence between the RGB and infrared
domains and allowing the diffusion process to integrate
visual patterns from the guidance modality while adher-
ing to infrared physical characteristics.
PID training is organized into two sequential stages:

1. TeVNet training
• TeVNet, is trained on infrared images to predict: tem-

perature, emissivity, and thermal texture components.
• The decomposition follows the TeV formulation de-

rived from radiometric principles.
• Once trained, TeVNet’s parameters are frozen and

reused in the following stage.
2. LDM training

• The LDM is trained with RGB images as conditional
input and infrared images, encoded by a VQGAN en-
coder, as the target output.

• Gaussian noise is progressively added to the infrared
latent vectors, and a U-Net predicts and removes this
noise, conditioned on the RGB features.

• Training is performed using the standard noise pre-
diction loss, along with two physics-informed losses
(LRec and LTeV ) computed with TeVNet.

During inference, the reverse diffusion process refines
Gaussian noise in the latent space through the U-Net back-

bone conditioned on the encoded RGB image, relying
solely on the knowledge learned during training to gener-
ate infrared outputs that remain physically consistent and
structurally aligned with the guidance. In our setup, we use
the TeVNet model pre-trained by its authors on the KAIST
[11] dataset, which provides a strong prior from more than
95K paired samples, and train the LDM on M3FD to adapt
it to the target domain. This approach yields a ready to use
generator, enabling the production of pseudo-thermal im-
ages for each SR dataset, which are then used as guidance
inputs for training the GSR methods.

3.3. Implementation details and testing
For the pseudo-thermal generation, we follow the training
pipeline described in [30], which uses the M3FD dataset to
train an image generator and then applies it for image syn-
thesis on the same dataset and on others. Accordingly, we
use the resulting generator to produce pseudo-thermal im-
ages for both M3FD and CIDIS. In addition to the selected
DM, we also train Pix2Pix (P2P) and CycleGAN1 to pro-
vide comparison baselines. All generators are trained with
their default parameters, only setting the training epochs to
1000 in every case to ensure a fair comparison.

Then, we train SOTA GSR methods from scratch us-
ing the generated pseudo-thermals. Each model is trained
independently on both datasets (M3FD and CIDIS) and
at two scaling factors (×8 and ×16), keeping all de-
fault parameters reported in the respective original works.
For ×8 we evaluate CoReFusion[16], SwinFuSR[2], and
SwinPaste[37], and for ×16 we employ FW-SAT[14],
SwinFuSR, and SwinPaste.2

All experiments are conducted on an NVIDIA A100-
SXM4 GPU with 40 GB of memory. The implementa-
tions are carried out in Python using the PyTorch frame-
work, with each model sourced from its official reposi-
tory. For evaluation, we employ a set of metrics that are
widely used in image generation and enhancement tasks.
For the evaluation of pseudo-thermal image generation, we
use the Fréchet Inception Distance (FID) and the Struc-
tural Similarity Index Measure (SSIM). For the evaluation
of guided GSR, we use the Peak Signal-to-Noise Ratio
(PSNR), SSIM, and the Learned Perceptual Image Patch
Similarity (LPIPS).

4. Experimental results and analysis
4.1. Pseudo-thermal generation
Table 1 summarizes the performance of the three generative
models evaluated for pseudo-thermal synthesis on M3FD

1GAN and P2P implementations taken from: https://github.
com/junyanz/pytorch-CycleGAN-and-pix2pix.git

2CoReFusion provides only an ×8 model, which is why FW-SAT is
used for the ×16 experiments.
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Method M3FD CIDIS

FID ↓ SSIM ↑ FID ↓ SSIM ↑
GAN 57.60 0.5395 61.98 0.4428
P2P 42.36 0.6985 57.97 0.5849
Diffusion model 20.03 0.7427 27.86 0.6567

Table 1. Quantitative results of pseudo-thermal generation.

(a) Pseudo-thermal generation on the M3FD dataset.

(b) Pseudo-thermal generation on the CIDIS dataset.

Figure 3. Qualitative results of pseudo-thermal generation.

and CIDIS. The DM achieves the best results on both
datasets, with substantially lower FID and higher SSIM than
the GAN and P2P baselines. The gap is especially pro-
nounced in FID, where PID remains below 30 points for
both datasets, indicating pseudo-thermal images that are
perceptually closer to real data and structurally more con-
sistent. In contrast, the GAN model shows the weakest per-
formance, with high FID and low SSIM, reflecting instabil-
ity and limited ability to capture the physical and textural
characteristics of thermal imagery. P2P achieves intermedi-
ate results, benefiting from its deterministic pixel-wise map-
ping but still lacking the semantic fidelity obtained through
diffusion-based synthesis.

Fig. 3 presents qualitative examples of pseudo-thermal
generation on M3FD and CIDIS. Consistent with the quan-
titative results, PID produces images visually closer to
the ground-truth, preserving structural boundaries and rel-
ative intensity distributions. GAN-generated samples ap-
pear noisy and often fail to reproduce temperature gradients,
while P2P outputs show overly sharp transitions and insuf-
ficient smoothness in homogeneous regions. Notably, P2P
generalizes worse than GAN on CIDIS, opposite to what
is observed on M3FD. Overall, these findings confirm that
PID generates pseudo thermals that are both visually and

statistically closer to real infrared data, providing a more
reliable input for subsequent GSR.

4.2. Super-resolution
4.2.1. M3FD
Starting with M3FD at ×8, replacing RGB with a diffusion-
based pseudo-thermal guide yields consistent gains across
all three SR methods, as shown in Table 2. PSNR increases
by +0.19 for CoReFusion, +0.20 for SwinFuSR, and +0.38
for SwinPaste. SSIM also rises in every case, by +0.0057,
+0.0056, and +0.0092 respectively. The perceptual metric
shows the clearest effect, as LPIPS drops from 0.4398 to
0.3260 for CoReFusion (-0.1138), from 0.2443 to 0.2323
for SwinFuSR (-0.0120), and from 0.2443 to 0.2292 for
SwinPaste (-0.0151). Since lower LPIPS indicates closer
perceptual similarity, the diffusion guide improves both
structure and perceived fidelity relative to RGB.

GAN guidance systematically underperforms the RGB
baseline. For CoReFusion, SwinFuSR, and SwinPaste,
PSNR drops by 0.33, 0.87, and 0.87, respectively, while
SSIM decreases by 0.0092, 0.0224, and 0.0210; LPIPS also
worsens in all cases. P2P-generated guidance is more sta-
ble, showing only minor deviations from RGB in PSNR and
SSIM, yet it also fails to deliver consistent gains. These re-
sults indicate that not every synthetic modality is beneficial,
since the guide must be both high-quality and thermally
consistent. Diffusion satisfies both requirements, whereas
GAN introduces artifacts and P2P lacks the thermal coher-
ence needed to outperform RGB reliably.

Fig. 4 shows representative examples of GSR per-
formance under different guidance modalities. Using the
pseudo-thermal image generated by PID yields reconstruc-
tions that are visually sharper and more consistent with the
thermal ground-truth. Fine structures such as building con-
tours, window frames, and boundary transitions in shad-
owed areas are better preserved, with reduced texture degra-
dation and over smoothing. In contrast, RGB and GAN
guided outputs show stronger color texture inconsistencies
and less defined geometric structures, particularly in high-
frequency regions. P2P achieves intermediate quality, re-
covering some texture but lacking cross-scene stability.

The quantitative comparison tables 4c and 4d in Fig.
4 reinforce these observations. For every SR model, the
diffusion-guided results achieve the highest PSNR and
SSIM, and the lowest LPIPS values, indicating better pixel
fidelity, stronger structural similarity, and improved percep-
tual realism. These outcomes confirm the visual evidence
that the diffusion-based pseudo-thermal guide contributes
to clearer and more faithful thermal GSR.

At the higher ×16 scaling factor, the trend observed at
×8 remains consistent, reinforcing the robustness of dif-
fusion guidance. Across all evaluated models, FW-SAT,
SwinFuSR, and SwinPaste, the diffusion-guided versions
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Method RGB guide Synt. GAN guide Synt. P2P guide Synt. Diffusion guide

PSNR ↑ SSIM ↑ LPIPS ↓ PSNR ↑ SSIM ↑ LPIPS ↓ PSNR ↑ SSIM ↑ LPIPS ↓ PSNR ↑ SSIM ↑ LPIPS ↓
CoReFusion[16] 26.56 0.7922 0.4398 26.23 (-0.33) 0.7830 (-0.0092) 0.4491 (+0.0093) 26.17 (-0.39) 0.7920 (-0.0002) 0.4233 (-0.0165) 26.75 (+0.19) 0.7979 (+0.0057) 0.3260 (-0.1138)

SwinFuSR[2] 27.36 0.8277 0.2443 26.49 (-0.87) 0.8053 (-0.0224) 0.2501 (+0.0058) 27.17 (-0.19) 0.8230 (-0.0047) 0.2495 (+0.0052) 27.56 (+0.20) 0.8333 (+0.0056) 0.2323 (-0.0120)

SwinPaste[37] 27.29 0.8258 0.2443 26.42 (-0.87) 0.8048 (-0.0210) 0.2563 (+0.0120) 27.24 (-0.05) 0.8255 (-0.0003) 0.2508 (+0.0065) 27.67 (+0.38) 0.8350 (+0.0092) 0.2292 (-0.0151)

Table 2. Super-resolution results with different guidance methods on the M3FD test set with a scale factor of ×8. Values in parentheses
represent the performance change relative to the RGB guide.

(a) Visual results using SwinFuSR model.

(b) Visual results using CoreFusion model.
Guide PSNR↑ SSIM↑ LPIPS↓
RGB 25.78 0.7819 0.3590
P2P 25.53 0.7721 0.3556
GAN 25.91 0.7839 0.3531
Diff. 27.41 0.8313 0.2270

(c) Quantitative results of Fig. 4a.

Guide PSNR↑ SSIM↑ LPIPS↓
RGB 27.11 0.8562 0.3328
P2P 26.48 0.8410 0.3434
GAN 26.48 0.8539 0.3395
Diff. 26.79 0.8594 0.2079

(d) Quantitative results of Fig. 4b.

Figure 4. Guided super-resolution results at ×8 scale on the M3FD
dataset.

achieve the best results in every metric, as shown in Table
3. PSNR increases by +1.02, +0.67, and +0.51, while SSIM
improves by +0.0290, +0.0223, and +0.0187. LPIPS shows
the largest gains, with reductions of -0.1022, -0.0970, and -
0.0870, indicating superior perceptual quality and sharper
reconstruction. These consistent improvements demon-
strate that diffusion-generated guidance remains effective
even under more challenging upscaling conditions.

GAN-based guidance remains the weakest option, with
the lowest PSNR and SSIM and the highest LPIPS, reflect-
ing poor generalization at extreme upscaling. P2P offers
moderate gains over RGB, mainly in SSIM, but still lags
behind diffusion. These results show that, at higher scales,
the guide’s quality and thermal consistency become cru-
cial. Diffusion-generated pseudo-thermals provide coherent
structural cues that allow GSR models to recover finer tex-
tures and maintain stability even when the low-resolution
input contains very limited information.

Fig. 5 shows representative visual results at ×16, where
the task becomes substantially harder due to the greater
loss of spatial information. Even under these conditions,
diffusion-guided outputs preserve sharper boundaries and
finer textures in regions such as windows, building edges,
and vehicles. By contrast, RGB, GAN, and P2P guid-
ance produce noticeable blurring and structural deforma-

(a) Visual results using FW-SAT model.

(b) Visual results using SwinPaste model.
Guide PSNR↑ SSIM↑ LPIPS↓
RGB 26.48 0.8041 0.3722
P2P 27.16 0.8249 0.3714
GAN 26.31 0.8020 0.4096
Diff. 27.66 0.8235 0.2477

(c) Quantitative results of Fig. 5a.

Guide PSNR↑ SSIM↑ LPIPS↓
RGB 23.68 0.7218 0.4002
P2P 24.02 0.7188 0.3213
GAN 23.76 0.7259 0.3887
Diff. 24.96 0.7677 0.2972

(d) Quantitative results of Fig. 5b.

Figure 5. Guided super-resolution results at ×16 scale on the
M3FD dataset.

tion, especially in shadowed or high-frequency areas. Al-
though overall metric values decrease at this scale, the dif-
fusion guidance consistently provides the best reconstruc-
tions. More results in Supplementary Material.

4.2.2. CIDIS
Table 4 reports the ×8 GSR results on CIDIS. Although
this is a generalization setting in which the pseudo-thermals
are generated by a model trained on M3FD rather than
CIDIS, the diffusion-guided approach still outperforms the
other modalities. Across CoReFusion, SwinFuSR, and
SwinPaste, PSNR improves by +0.57, +1.64, and +1.02,
with corresponding SSIM gains of +0.0037, +0.0064, and
+0.0043. LPIPS also decreases notably for CoReFusion (-
0.0804) and slightly for the other models, indicating that
diffusion generated guidance maintains strong perceptual
quality and structural coherence even under cross-dataset
conditions.

Conversely, both GAN and P2P guidance suffer clear
performance drops relative to RGB, with PSNR and SSIM
decreasing across all architectures and LPIPS increasing
substantially, particularly for P2P. This degradation reflects
the limited generalization ability of these generative models
in unseen domains. The diffusion pseudo-thermal guide,
however, captures thermal-specific patterns more reliably,
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Method RGB guide Synt. GAN guide Synt. P2P guide Synt. Diffusion guide

PSNR ↑ SSIM ↑ LPIPS ↓ PSNR ↑ SSIM ↑ LPIPS ↓ PSNR ↑ SSIM ↑ LPIPS ↓ PSNR ↑ SSIM ↑ LPIPS ↓
FW-SAT[14] 23.99 0.7538 0.3762 23.54 (-0.45) 0.7425 (-0.0113) 0.3977 (+0.0215) 24.18 (+0.19) 0.7648 (+0.0110) 0.3470 (-0.0292) 25.01 (+1.02) 0.7828 (+0.0290) 0.2740 (-0.1022)

SwinFuSR[2] 24.26 0.7578 0.3801 24.14 (-0.12) 0.7570 (-0.0008) 0.3947 (+0.0146) 24.60 (+0.34) 0.7697 (+0.0119) 0.3459 (-0.0342) 24.93 (+0.67) 0.7801 (+0.0223) 0.2831 (-0.0970)

SwinPaste[37] 24.34 0.7608 0.3878 24.24 (-0.10) 0.7605 (-0.0003) 0.3733 (-0.0145) 24.58 (+0.24) 0.7702 (+0.0094) 0.3443 (-0.0435) 24.85 (+0.51) 0.7795 (+0.0187) 0.3008 (-0.0870)

Table 3. Super-resolution results with different guidance methods on the M3FD test set with a scale factor of ×16. Values in parentheses
represent the performance change relative to the RGB guide.

Method RGB guide Synt. GAN guide Synt. P2P guide Synt. Diffusion guide

PSNR ↑ SSIM ↑ LPIPS ↓ PSNR ↑ SSIM ↑ LPIPS ↓ PSNR ↑ SSIM ↑ LPIPS ↓ PSNR ↑ SSIM ↑ LPIPS ↓
CoreFusion[16] 26.55 0.7993 0.3907 26.39 (-0.16) 0.7954 (-0.0039) 0.4029 (+0.0122) 26.26 (-0.29) 0.7884 (-0.0109) 0.4278 (+0.0371) 27.12 (+0.57) 0.8030 (+0.0037) 0.3103 (-0.0804)

SwinFuSR[2] 28.06 0.8577 0.2098 27.83 (-0.23) 0.8518 (-0.0059) 0.2217 (+0.0119) 27.02 (-1.04) 0.8286 (-0.0291) 0.2649 (+0.0551) 29.70 (+1.64) 0.8641 (+0.0064) 0.2009 (-0.0089)

SwinPaste[37] 28.36 0.8579 0.2190 27.84 (-0.52) 0.8525 (-0.0054) 0.2243 (+0.0053) 27.06 (-1.30) 0.8303 (-0.0276) 0.2626 (+0.0436) 29.38 (+1.02) 0.8622 (+0.0043) 0.2067 (-0.0123)

Table 4. Super-resolution results with different guidance methods on the CIDIS test set with a scale factor of ×8. Values in parentheses
represent the performance change relative to the RGB guide.

providing feature representations that transfer more effec-
tively between datasets and enabling the GSR models to re-
cover fine spatial details even without dataset specific tun-
ing.

Fig. 6 shows qualitative results on CIDIS at ×8, confirm-
ing the numerical trends. Diffusion guidance yields super-
resolved thermal images with greater structural consistency
and sharper detail, especially in edges, textures, and shad-
owed regions. Buildings, vehicles, and vegetation appear
more clearly defined, and the reconstructed brightness dis-
tribution is closer to the ground-truth. In contrast, GAN and
P2P guidance fail to generalize effectively, introducing arti-
facts and texture inconsistencies that blur fine structures or
distort thermal contrast.

Although RGB guidance performs reasonably well, its
limitations become more evident in areas where cross-
spectral discrepancies are strong, leading to misalignment

(a) Visual results using CoreFusion model.

(b) Visual results using SwinPaste model.
Guide PSNR↑ SSIM↑ LPIPS↓
RGB 26.44 0.8081 0.3508
P2P 26.06 0.7919 0.3515
GAN 26.11 0.7926 0.3521
Diff. 26.57 0.8094 0.3495

(c) Quantitative results of Fig. 6a.

Guide PSNR↑ SSIM↑ LPIPS↓
RGB 26.84 0.8423 0.2176
P2P 26.19 0.8379 0.2262
GAN 26.37 0.8352 0.2216
Diff. 27.00 0.8461 0.2033

(d) Quantitative results of Fig. 6b.

Figure 6. Guided super-resolution results at ×8 scale on the CIDIS
dataset.

and inconsistent edge recovery. The diffusion-generated
guide mitigates these issues by providing feature correla-
tions more aligned with the target domain. This results in
smoother temperature transitions and cleaner contours, re-
inforcing that the proposed synthetic thermal guidance en-
hances both perceptual quality and reconstruction accuracy,
even when applied to unseen data during generator training.

At the ×16 scale, Table 5 shows the results. Differ-
ences among guidance types narrow at this magnification,
which is expected given the increased reconstruction dif-
ficulty and the cross-dataset setting. The stronger scaling
factor amplifies noise and information loss, making precise
guidance more important. Even so, diffusion guidance re-
tains a clear advantage, achieving PSNR gains of +0.27,
+0.25, and +0.17 for FW-SAT, SwinFuSR, and SwinPaste,
respectively. SSIM remains stable or slightly higher, and
LPIPS decreases in all cases, confirming better perceptual
fidelity.

The P2P and GAN guides, by contrast, show a more
pronounced degradation as the scaling factor increases,
with PSNR and SSIM dropping sharply. This suggests
that their generated features are less transferable to unseen
data and less informative for extreme upscaling. Even un-
der these challenging conditions, the diffusion-generated
pseudo-thermal guide provides a more coherent represen-
tation of thermal structure, which allows GSR models to
retain detail and reduce perceptual distortion.

Next, Fig. 7 shows representative visual results for the
×16 scale on the CIDIS dataset. As expected, none of the
methods achieves outstanding reconstruction quality at this
challenging magnification level, with all models showing
some degree of blur and loss of fine texture compared to the
×8 scale. This degradation is consistent with the increased
complexity of the task, where the limited information avail-
able in the low-resolution thermal input constrains the mod-
els’ ability to recover high-frequency detail.

Nevertheless, the diffusion-guided approach still pro-
vides visible improvements over the other guidance types.
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Method RGB guide Synt. GAN guide Synt. P2P guide Synt. Diffusion guide

PSNR ↑ SSIM ↑ LPIPS ↓ PSNR ↑ SSIM ↑ LPIPS ↓ PSNR ↑ SSIM ↑ LPIPS ↓ PSNR ↑ SSIM ↑ LPIPS ↓
FW-SAT[14] 24.84 0.7918 0.2954 24.39 (-0.45) 0.7800 (-0.0118) 0.3254 (+0.0300) 22.96 (-1.88) 0.7464 (-0.0454) 0.3211 (+0.0257) 25.11 (+0.27) 0.7935 (+0.0017) 0.2873 (-0.0081)

SwinFuSR[2] 27.73 0.7850 0.3160 27.49 (-0.24) 0.7760 (-0.0090) 0.3142 (-0.0018) 27.03 (-0.70) 0.7646 (-0.0204) 0.3332 (+0.0172) 27.98 (+0.25) 0.7867 (+0.0017) 0.2920 (-0.0240)

SwinPaste[37] 27.74 0.7843 0.2995 27.52 (-0.22) 0.7774 (-0.0069) 0.3150 (+0.0155) 27.07 (-0.67) 0.7644 (-0.0199) 0.3135 (+0.0140) 27.91 (+0.17) 0.7854 (+0.0011) 0.2937 (-0.0058)

Table 5. Super-resolution results with different guidance methods on the CIDIS test set with a scale factor of ×16. Values in parentheses
represent the performance change relative to the RGB guide.

Its reconstructions show cleaner contours, and more consis-
tent brightness in shadowed or reflective regions. By con-
trast, GAN and P2P guidance often fail to enhance the re-
construction and can distort structural elements, while the
diffusion-guide preserves spatial coherence and produces
perceptually more stable results. These observations match
the quantitative trends, confirming that diffusion guidance
remains the most effective choice even at extreme upscal-
ing factors. More results in Supplementary Material.

Overall, the experimental results across both datasets and
scaling factors validate the hypothesis that replacing con-
ventional RGB guidance with a synthetic pseudo-thermal
image enhances the effectiveness of GSR. The consistent
gains achieved by the diffusion-guided configuration, in-
cluding cross dataset and large-scale scenarios, indicate that
a guidance image with higher spectral and semantic affinity
to the target domain enables more meaningful feature trans-
fer during reconstruction.

5. Limitations and Future Work

Although the proposed strategy was evaluated on two well-
established datasets and under different scaling factors,
some limitations remain. M3FD and CIDIS primarily con-
tain urban and semi-urban scenes, which restricts the as-

(a) Visual results using SwinFuSR model.

(b) Visual results using FW-SAT model.
Guide PSNR↑ SSIM↑ LPIPS↓
RGB 23.01 0.7508 0.3701
P2P 22.81 0.7475 0.3831
GAN 22.98 0.7498 0.3781
Diff. 23.38 0.7607 0.3767

(c) Quantitative results of Fig. 7a.

Guide PSNR↑ SSIM↑ LPIPS↓
RGB 23.15 0.7485 0.3193
P2P 22.90 0.7395 0.3271
GAN 22.99 0.7420 0.3101
Diff. 23.79 0.7514 0.3109

(d) Quantitative results of Fig. 7b.

Figure 7. Guided super-resolution results at ×16 scale on the
CIDIS dataset.

sessment of generalization to broader surveillance contexts
such as rural, or indoor environments, where texture com-
plexity, thermal contrast, and noise characteristics may dif-
fer substantially. Future work should extend the evaluation
to broader scene categories and additional datasets to fully
assess cross-domain robustness. The range of scaling fac-
tors is also limited, since ×8 and ×16 offer a challenging
yet realistic scope, exploring extreme magnifications, such
as ×32, could provide additional insights into the limits of
pseudo-thermal guidance. Also, since the DM was trained
only on M3FD, its generalization ability may vary when ap-
plied to thermal data with different spectral characteristics,
potentially requiring dedicated training for other domains.

6. Conclusions
This work proposes a strategy for thermal GSR that replaces
the conventional RGB guidance with a pseudo-thermal im-
age, providing a synthetic modality that maintains stronger
semantic and spectral consistency with the target. The
pseudo-thermal guide is produced with a diffusion model
trained for thermal synthesis and can be integrated into GSR
architectures without modifying their design. The strategy
was evaluated on the M3FD and CIDIS datasets at ×8 and
×16, consistently improving reconstruction quality across
all tested models. The gains appeared in both pixel-based
and perceptual metrics, with LPIPS reductions of up to 0.11
and notable increases in PSNR and SSIM. The approach re-
mained effective even when the generator was trained on
a different dataset, confirming its robustness and general-
ization. Visual results reinforced these findings, showing
sharper edges, cleaner contours, and improved structural
consistency in the diffusion-guided reconstructions.
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