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Abstract

This paper presents the results of the Sixth Thermal Image
Super-Resolution Challenge held within the Perception Be-
yond the Visible Spectrum (PBVS) workshop at CVPR 2025.
The challenge maintains the same cross-spectral benchmark
dataset as the previous year, consisting of 1000 thermal im-
ages each paired with corresponding high-resolution RGB
images. Track I focuses on single thermal image super-
resolution, enhancing low-resolution infrared images by a
factor of x8, whereas Track 2 addresses guided thermal im-
age super-resolution, performing super-resolution at scale
factors of x8 and x 16 by leveraging high-resolution RGB
images as auxiliary inputs. The 2025 edition attracted in-
creased participation, with 128 teams competing in Track 1
and 86 teams in Track 2. The paper describes methodolo-
gies employed by the top participating teams, emphasizing
innovations in transformer-based and hybrid architectures,
and provides a detailed comparative analysis of the results
between the 2024 and 2025 challenges. This analysis reveals
significant progress in thermal image reconstruction accu-
racy, showcasing notable advances achieved by the leading
methodologies.

1. Introduction

Thermal Image Super-Resolution (TISR) has gained con-
siderable importance in recent years, primarily driven by its
critical applications in fields such as security [/], surveil-
lance [26], autonomous driving [5], and industrial inspec-
tion [ ], where high-quality thermal imaging significantly
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enhances decision-making capabilities. Since its inception
at the Perception Beyond the Visible Spectrum (PBVS)
workshop at CVPR 2020 [2 1], the Thermal Image Super-
Resolution Challenge has become a pivotal benchmark, an-
nually showcasing the latest advancements in this special-
ized field. The ongoing relevance and impact of the TISR
challenges are underscored by the growing number of par-
ticipants and the continuous improvement in the quality of
submitted results.

Reflecting on its evolution, the TISR challenge series has
played a key role in stimulating methodological innovations
and benchmarking progress. After the successful fourth
TISR challenge at PBVS 2023 [20] and the fifth edition held
in 2024 [24], the 2025 edition marks the sixth consecutive
year of the challenge, demonstrating sustained community
interest and growth in participant numbers and quality of
submissions. Consistent with previous editions, the same
benchmark dataset comprising 1000 thermal images paired
with registered high-resolution RGB images is utilized. Both
challenge tracks remain open for ongoing benchmarking
and comparative analysis through their respective CodalLab
competitions (Track 1 !"and Track 2%), allowing continuous
evaluation of advancements.

The Sixth edition of the TISR challenge (PBVS 2025) at-
tracted increased participation with 128 registered teams for
Track-1 and 86 for Track-2. Track 1 continues to focus on
single thermal image super-resolution, requiring participants
to reconstruct enhanced thermal images from low-resolution
input by an x8 factor. Track 2 addresses guided thermal
image super-resolution, using high-resolution RGB images
to achieve scaling factors of x8 and x16. Both tracks lever-
age the same dataset of 1000 registered thermal-RGB image
pairs, ensuring consistency and facilitating a clear compara-
tive evaluation of progress.

This paper details the methodologies and outcomes of
top-performing teams, with an emphasis on novel architec-

https://codalab.lisn.upsaclay.fr/competitions/
21247

2https://codalab.lisn.upsaclay.fr/competitions/
21248
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Figure 1. Illustrations from the cross-spectral dataset showing aligned thermal and visible images [25].

tures and training techniques introduced since the previous
year. A comparison between 2024 and 2025 highlights some
advancements, particularly in transformer-based and hybrid
convolutional-transformer models, underscoring the contin-
ued progress and heightened competitiveness within the field
of thermal image super-resolution. The results demonstrate
an increasing community interest in the thermal image SR
problem, as evidenced by the annual improvement in metric
values, illustrated in Figure 2.

The structure of this manuscript is organized as follows.
Section 2 describes the objectives of the Sixth Thermal Im-
age Super-Resolution Challenge and provides details about
the benchmark dataset employed. Section 2.3 presents a
summary of this year’s participation and a comparative anal-
ysis of results obtained between 2024 and 2025. Section 3
outlines the methodologies of the top-performing teams, em-
phasizing recent technical advancements. Finally, Section 4
offers concluding remarks, while appendix shows teams in-
formation and their affiliations.

2. TISR 2025 Challenge

Continuing the tradition from previous editions [20—23,

], the 2025 Thermal Image Super-Resolution challenge
serves as an essential benchmark event for evaluating ad-
vances in thermal image enhancement methods. As in
earlier editions, two tracks are maintained: single-image
super-resolution (Track 1) and guided thermal image super-
resolution (Track 2), utilizing the CIDIS dataset [25].

2.1. Thermal Image Datasets

The dataset used for the TISR 2025 challenge is the same
Cross-spectral Image Dataset for Image Super-resolution
(CIDIS) [25] introduced in 2024, depicted in Figurel. CIDIS
consists of 1000 newly acquired pairs of simultaneously cap-
tured thermal and RGB images under diverse conditions,
using a Basler camera for visible spectrum and a FLIR TAU2

camera for thermal spectrum, standardized to a resolution of
640 x 480 pixels. This new dataset was introduced due to
the previous datasets used from 2020 to 2023 reaching their
maximum achievable results, as concluded in the 2023 chal-
lenge paper [20]. Accurate cross-spectral registration was
ensured using advanced techniques such as LightGlue [15],
Elastix [ 7], and other state-of-the-art alignment algorithms.

The dataset is structured into three subsets: 700 image
pairs allocated for training, 200 for validation, and the re-
maining 100 image pairs reserved exclusively for testing.
Two distinct tracks leverage CIDIS: Track 1 challenges par-
ticipants to achieve single thermal image super-resolution at
an upscale factor of x 8, while Track 2 involves guided super-
resolution, utilizing corresponding high-resolution RGB im-
ages to enhance thermal image resolution at factors of x8
and x 16. This structure facilitates direct comparisons and
robust evaluation of methodological improvements achieved
since the previous year’s challenge.

2.2. Evaluation Methodology

The evaluation methodology for the TISR 2025 challenge
adheres to the established protocols used in previous PBVS
workshops [0, 24], ensuring consistency and comparability
across years. Both challenge tracks utilize the standardized
test subset of 100 thermal-RGB image pairs from the CIDIS
dataset [75]. For Track 1 (Single Thermal Image Super-
Resolution), participants perform super-resolution on 20 low-
resolution (LR) thermal images, generated by downsampling
original high-resolution captures by a factor of x8 without
introducing additional noise. The evaluation protocol for
this track is illustrated in Figure 3.

Track 2 (Guided Thermal Image Super-Resolution) em-
ploys the remaining 80 image pairs from the test set, split
evenly for two distinct evaluations: 40 images downsampled
by a factor of x8 (Evaluation 1) and 40 images downsam-
pled by a factor of x 16 (Evaluation 2). High-resolution RGB
images are provided as auxiliary inputs to guide the super-
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Figure 2. Top 10 metrics evolution through all tracks in 2024 & 2025 challenges.

resolution task, following the same downsampling approach
without adding noise. This dual-scale evaluation enables
assessing the robustness of guided methods across varying
degrees of difficulty. Figure 4 illustrate this track evaluation.

Performance is quantitatively evaluated primarily us-
ing two standard image quality metrics—Peak Signal-to-
Noise Ratio (PSNR) and Structural Similarity Index Measure
(SSIM) [27]—which determine the winners of the challenge.
Additionally, metrics such as RMSE, ALEX, VGG, and
SQUEEZE are provided for reference purposes only, offer-
ing supplementary insights into image quality, as detailed on
the official CodaLab competition results page. This compre-
hensive evaluation protocol facilitates a clear comparative
analysis of methodological advancements over results from
the 2024 challenge.
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Figure 3. Illustration of the evaluations process for Track-1 on a
set of LR images downsampled by a factor of x8 with no added
noise [24].

2.3. Challenge Results

The top-performing teams’ results for each track of the
2025 TISR challenge are summarized below. In Track-1, out
of 128 teams that initially registered, 34 advanced to the final
evaluation phase. Table 1 summarizes the average PSNR
and SSIM metrics obtained by the three best-performing
teams on the testing set. The top-ranked team, TongJi-SR,
achieved a PSNR of 28.52 and an SSIM of 0.8466, closely
followed by the InVilab Uantwerp and AiMF SR teams.
A qualitative visualization of the top result is depicted in
Figure 5.

SR i GT

SRy, HRi

TAU2
HRvis

PSNR/SSIM

Basler

Figure 4. Illustration of the evaluations process for Track-2 on a
set of LR images downsampled by a factor of X8 and x 16 with
no added noise and using the corresponding HR visible images as
guidance [24].

Team [# param.] x8
(Track-1: SINGLE) | PSNR | SSIM
AiMF-SR [70.02M ] 28.09 | 0.8421

InVilab [21.6 M| 28.49 | 0.8437
TongJi-SR [27.73M] | 28.52 | 0.8466

Table 1. Top three results (PSNR and SSIM) of Track-1 (Single
TISR, x8). Bold and underline indicate first- and second-best
results, respectively. See Section 2.2 for more details.

Team [# param.] Eval 1 (x8) Eval 2 (x16)
(Track-2: GUIDED) PSNR | SSIM | PSNR | SSIM
CityU HH [132.00M | 31.68 | 0.9147 --- ---

SwinPaste [3.3M/] 30.94 | 0.9201 | 26.33 | 0.8593

UMKC MCC [20.00M] | 30.36 | 0.8997 | 26.36 | 0.8351
QQ [64M] --- ---| 2643 | 0.8354

Table 2. Top three results (PSNR and SSIM) of Track-2 (Guided
TISR x8 and x168). Bold and underline values correspond to the
best- and second-best results, respectively for each evaluation. See
Section 2.2 for more details.

For Track 2, out of the 86 initially registered teams, 15
progressed to the final testing stage. Table 1 detail the top
three performing teams for the two evaluation scales (x 8 and
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Figure 6. Results on Track-2 testing set: top row shows Evaluation 1 (x8), bottom row shows Evaluation 2 (x 16). Images from left to right:

HR Visible, LR, super-resolution result (SwinPaste Team), and GT.

% 16). Team CityU HH achieved the highest PSNR at scale
factor x8 (31.68), while the best SSIM was achieved by
the SwinPaste team (0.9201). For the x 16 super-resolution
evaluation, team QQ obtained the best PSNR of 26.43, while
the highest SSIM of 0.8593 was achieved by the SwinPaste
team. Figure 6 provides qualitative examples of the top-
performing team’s outputs in both evaluations.

For Track 2, out of the initial 76 teams that registered, 16
advanced to the final testing stage. Table 2 showcases the av-
erage performance metrics (PSNR and SSIM) for the testing
images across these teams, while Figure 6 show qualitative
result of Top1 result in both evaluation. Detailed quantitative
outcomes are accessible on the CodalLab Competition [ &]
webpage for both Tracks (Track 1°; Track 2*).

3. Proposed Approaches and Teams

This section presents a overview of the methodologies
employed by the teams that secured the top positions in each
metric of the evaluations across both tracks. Visual repre-
sentations of the architectures yielding the best outcomes
are included. The teams are organized by track/alphabetical
order.

3.1. Track 1: AIMF-SR

The AiMF-SR team adopted a transformer-based archi-
tecture for the single-image thermal super-resolution task.

3https://codalab.lisn.upsaclay.fr/competitions/
21247

4https://codalab.lisn.upsaclay.fr/competitions/
21248

Specifically, the team utilized the HMANet [%] model, em-
ploying the HMA-Medium variant, which integrates Resid-
ual Hybrid Transformer Blocks (RHTBs) for enhanced
global feature representation. The architecture comprises
three main modules: shallow feature extraction, deep feature
transformation via RHTBs, and image reconstruction, as
depicted in Fig. 7.

Initially, the model was fine-tuned from an ImageNet pre-
trained HMA model (with a scale factor x4). Subsequent
fine-tuning involved training on DF2K, Urban100 datasets,
and additional thermal images downscaled via bicubic in-
terpolation (x4). The final training phase utilized pairs of
LR-HR thermal images at an x8 scale factor. A MultiStep
scheduler with the Adam optimizer was employed, setting
the initial learning rate to 1 x 10~> for 250K iterations, with
scheduled decays. Additional fine-tuning for the x8 SR pairs
was conducted over 100K iterations at a learning rate of
5 x 10~° without a warm-up phase. The loss function was
based on a combination of L1 Loss, FFT Loss and SSIM loss
with 1.0, 0.05, 0.05 weights, respectively, to ensure stable
training and robust super-resolution outputs.

Experiments were conducted on a single NVIDIA A100
GPU with 80 GB of VRAM, using the PyTorch framework.
Training lasted approximately three days, with a batch size
of 16 and a patch size of 64 x64. The final model comprises
approximately 70M parameters. Quantitatively, the AiMF-
SR team achieved competitive results, obtaining a PSNR of
28.09 and SSIM of 0.8421 on Track-1.

Source code is available at: https://github.com/
seanko29/PBVS25_TISR25_Trackl
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Figure 7. Architecture proposed by the AiMF-SR team on Track 1.

3.2. Track 1: INVILAB

The InViLab Uantwerp team proposed an advanced
transformer-based architecture specifically tailored for ther-
mal image super-resolution. Their solution incorporates SR-
Former [29] and Hybrid Attention Transformer (HAT) [],
enhanced by their novel Thermal Gradient Spatial Attention
(TGSA) module, as shown in Fig. 8. The TGSA module ex-
plicitly targets thermally significant regions—such as edges
and hotspots—by computing local thermal gradients using
Sobel filters, generating spatial attention maps that guide
transformer self-attention mechanisms.

The team trained their network with a combined Charbon-
nier and L1 loss function optimized for thermal imagery. Ex-
tensive data augmentation was applied, including synthetic
infrared images via RGB-to-IR translation [”], geometric
transformations, temperature scaling, and Gaussian blur. To
further enhance the robustness and generalization capabili-
ties, they utilized self-ensembling techniques, aggregating
predictions from rotated inputs (0°, 90°, 180°, and 270°) and
applying median filtering.

Training was conducted using four NVIDIA A100 GPUs,
implemented in PyTorch along with BasicSR and xFormers
libraries. The total number of parameters in the proposed
model is approximately 21.6M. The quantitative results in-
dicate that the InViLab Uantwerp team achieved excellent
performance in Track 1, obtaining a PSNR of 28.49 and
SSIM of 0.8437.

Source code is publicly available at: https://
github.com/thomasdekerf/TISR_trackl

3.3. Track 1: TONGJI-SR

The Tongli-SR team proposed a single-image super-
resolution approach based on the DRCT architecture [ 0],
which leverages the Swin Transformer [|7] for effective
global spatial modeling. Their network, illustrated in Fig-
ure 9, comprises three main components: shallow feature
extraction, deep feature extraction, and image reconstruction.
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Figure 8. Architecture proposed by the InViLab Uantwerp team on
Track 1.

Specifically, the shallow and deep feature modules capture
rich hierarchical representations, while the reconstruction
module synthesizes the final high-resolution thermal image.

To enhance the model’s representational capacity, the
TonglJi-SR team combined Mean Squared Error (MSE) loss
and Structural Similarity Index (SSIM) loss with weights
of 1 and 0.02, respectively. Additionally, multi-scale super-
vision [/ 3] and combination-based data augmentation [0]
strategies were employed. In this augmentation method, four
randomly selected training images were quarter-cropped and
recombined to increase the dataset’s diversity. Use the 5-fold
cross validation to select the best testing-performance model.

Training was conducted using PyTorch on NVIDIA 4090
GPUs. The model has approximately 27.73M parameters
and was initialized with ImageNet pre-trained weights. It
was trained with an Adam optimizer at a learning rate of
1 x 1074, for a total of 130K iterations (80K pre-training
and 50K fine-tuning iterations). A 5-fold cross-validation
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Figure 9. Architecture proposed by the TongJi-SR team on Track 1.

strategy was implemented for improved robustness. The
Tongli-SR team achieved the top performance in Track 1,
obtaining a PSNR of 28.52 and SSIM of 0.8466.

Source code is publicly available at: https://
github.com/Raojiyong/PBVS_TSR

3.4. Track 2: CityU HH

The CityU HH team proposed a guided thermal super-
resolution approach that leverages both low-resolution (LR)
thermal images and corresponding high-resolution (HR)
RGB images. The network architecture, illustrated in Fig-
ure 10, consists of three main components: feature embed-
ding, deep feature extraction, and image reconstruction.

Initially, the LR thermal image and HR RGB image are
concatenated and processed through a patch embedding mod-
ule. The embedded features are then refined by multiple
cascaded Gated CNN Blocks inspired by recent advances
in Mamba-based architectures [~ ] and deep residual learn-
ing [V]. These gated convolutional blocks effectively capture
long-range dependencies and spatial contextual information.
Finally, the extracted deep features undergo a patch unem-
bedding operation to reconstruct the super-resolved thermal
image, complemented by a global residual connection from
the input thermal image to stabilize training.

The training process utilized an L1 loss function between
the predicted high-resolution thermal images and the ground
truth, ensuring robust reconstruction performance.

Patch Embed

Figure 10. Architecture proposed by the CityU HH team on Track 2.

The CityU HH team trained their model on an NVIDIA
A100 GPU using PyTorch for two days. The model com-
prises approximately 132M parameters. The training batch
size was set to 16 with an image patch size of 128x128
pixels. In Track 2, the CityU HH team achieved outstanding
quantitative performance, obtaining the highest PSNR of

31.68 and a competitive SSIM of 0.9147 at the x8 evalua-
tion.

Source code is publicly available at: https://
github.com/zhwzhong/Cityu—-HH.git

3.5. Track 2: QQ

The QQ team proposed a guided thermal super-resolution
architecture designed to effectively integrate low-resolution
thermal images with corresponding high-resolution RGB
images. As illustrated in Figure 11, it adopts a U-Net shaped
framework enhanced by combining Transformer and Mamba
blocks to exploit complementary features. Each basic block
within their architecture splits input features into two par-
allel branches: one branch processes features using Swin
Transformer blocks [ 4], while the other leverages Mamba
blocks [&, 16] for efficient global feature modeling. The
outputs from both branches are then concatenated and aggre-
gated, achieving rich contextual feature representations.

The QQ team trained their model by directly minimizing
the L1 loss between predicted super-resolved thermal images
and the ground truth, which significantly improved visual
fidelity and reconstruction accuracy.

Training was implemented using PyTorch on a single
NVIDIA RTX 3090 GPU with 24 GB RAM over approxi-
mately two days. The model has around 64M parameters.
The QQ team achieved the highest PSNR of 26.43 and an
SSIM of 0.8354 in the x 16 evaluation of Track 2.

Source code is available at: https://github.com/
hitszqgqg/track2

3.6. Track 2: SWINPASTE

The SwinPaste team proposed a guided thermal super-
resolution model inspired by the SwinFuSR architecture [24],
emphasizing cross-domain fusion of RGB and thermal
modalities. Their method introduced a novel pre-training
strategy, termed the “paste”technique, where multiple ther-
mal images were blended onto a transparent canvas to gen-
erate augmented training samples, enhancing the model’s
generalization capabilities.

As illustrated in Figure 12, the proposed architecture
comprises three key modules: shallow feature extraction,
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Figure 11. Architecture proposed by the QQ team on Track 2.

deep feature fusion, and image reconstruction. The shal-
low feature module extracts low-level thermal and RGB
features using convolutional layers and Swin Transformer
blocks [14]. The deep feature module integrates thermal and
RGB features through an attention-guided cross-domain fu-
sion mechanism. Finally, the reconstruction module utilizes
upsampling layers and multi-scale supervision to recover
high-frequency details in the thermal images.

The model was initially pre-trained on more than 10K
augmented image pairs created via the “paste”’strategy, fol-
lowed by fine-tuning on the CIDIS training data provided by
the competition. The team optimized their model using the
L1 loss with an Adam optimizer.

skip connection

________

shallow
features
extraction

attention-guided| merge
cross-domain features

shallow
features
extraction

______________________________

Figure 12. Architecture proposed by the SwinPaste team on
Track 2.

Training was performed on two NVIDIA A100 GPUs
(40GB RAM each) using PyTorch over approximately six
days (four days pre-training, two days fine-tuning). The
total number of parameters of their model is about 3.3M.
The SwinPaste team achieved competitive results, obtaining
a PSNR of 30.94 and the best SSIM of 0.9201 in the x8
evaluation, and a PSNR of 26.33 with the highest SSIM of
0.8593 in the x 16 evaluation.

Source code is publicly available at:
github.com/zoniazhong/SwinPaste

3.7. Track 2: UMKC MCC

The UMKC MCC team proposed a guided thermal
super-resolution method inspired by MSFFCT [19] and
TSFNet [ |], employing a multi-scale, cross-modal fusion

https://

architecture, as shown in Figure 13.

Their network uses bicubic interpolation for alignment,
deformable convolutions for robust feature extraction, and
a dual-branch structure (pixel unshuffling and DCT-based
frequency analysis) combined via residual channel attention
blocks. Training leveraged a combination of L1, SSIM,
perceptual, and DCT-based losses, alongside extensive data
augmentation.

Training was conducted using two NVIDIA RTX A6000
GPU, lasting approximately three days. The model has
around 24M parameters, making it relatively lightweight
compared to other teams. Despite this smaller size, the
UMKC MCC team obtained highly competitive results,
achieving a PSNR of 30.36 and SSIM of 0.8997 at the x8
evaluation, and a PSNR of 26.36 with an SSIM of 0.8351 at
the x 16 evaluation in Track 2.

Source code is publicly available at: https://drive.
google . com/drive / folders / 16uOfBJopZP _
NgKGlvaOfkfLnpXNOtzdl?usp=sharing.

4. Conclusion

The sixth Thermal Image Super-Resolution challenge at
CVPR 2025 demonstrated significant advancements over the
2024 edition, attracting a record number of participants and
revealing clear improvements in both quantitative metrics
(PSNR and SSIM) and methodological innovations. Hy-
brid architectures combining transformers, convolutional net-
works, and advanced cross-modal fusion modules emerged
prominently, with specialized attention techniques and novel
data augmentation strategies enhancing thermal image recon-
struction quality. Overall, results confirmed the community’s
continued progress, yet highlighted ongoing opportunities
for developing more computationally efficient and practically
deployable models for future research.
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utilize edited versions of top-performing team submissions
to provide additional method explanations.
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