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1. Dataset Collection

Datasets Preparation Details. For our training set, we
sample 3,200 thermal-RGB pairs out of 22,079 pairs in the
training set of IRVI [4]; 3,200 out of 12,025 pairs in the
training set of LLVIP [2]; 3,822 pairs split from 4,198 pairs

of M3FD [5]; all 700 pairs in the training set of PBVS 2025

TISR Challenge Track 2 [6], forming a combined training

set of 10,922 thermal-RGB pairs. For our test set, we sam-

ple 300 thermal-RGB pairs out of 2,272 pairs in the test set
of IRVI; 300 out of 3,463 pairs in the test set of LLVIP; the
remaining 376 pairs of M3FD; all 200 pairs in the valida-

tion set of PBVS 2025 TISR Challenge Track 2, forming a

combined test set of 1,176 thermal-RGB pairs.

We design dataset-specific sampling strategies to ensure
sufficient scene diversity and avoid overlapping scenarios
across splits:

e IRVI and LLVIP datasets: Since the images are ex-
tracted from continuous video frames, random sampling
may result in densely clustered samples from the same
scene. To mitigate this, we uniformly sample frames
from the training/test subsets of both datasets.

« M3FD dataset: To avoid scenario overlap between train-
ing and testing, we adopt a scene-level partition. Based on
the dataset’s ordering, the first 3,822 images cover com-
plete scenarios and are assigned to the training set, while
the remaining images constitute the test set.

¢ PBVS 2025 TISR Challenge Track 2 dataset: Given
its small scale and the existence of an official split, we
directly use all images provided in the official set without
additional sampling.

Datasets Preprocessing. The original resolution of IRVI

images is 256 x 256, and we directly upsample them to

512 x 512. For LLVIP (1280 x 1024), M3FD (1024 x 768),

and PBVS 2025 TISR Challenge Track 2 (640 x 448), we
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first apply a center crop to preserve the primary scene con-
tent, followed by resizing to 512 x 512. We apply these
preprocessing steps to both the RGB and thermal images.
Thermal GT images are further downsampled to 64 x 64
and corrupted with Gaussian noise to serve as input. RGB
images are processed with our misalignment augmentation
while retaining a resolution of 512 x 512 as reference im-
ages.

2. Metrics Selection

We evaluate model performance using both reference and
no-reference image quality metrics. For reference evalua-
tion, we adopt PSNR and SSIM [7] to measure reconstruc-
tion fidelity, and LPIPS [10] for perceptual similarity. For
no-reference evaluation, we report MUSIQ and MANIQA
to assess overall visual quality. All metrics are computed
using the IQA-PyTorch (pyiqa) package. Specifically, we
use the musig-spag and maniga-pipal models
as implemented in IQA-PyTorch.

3. More Qualitative Results

We provide additional qualitative results on public datasets
in Fig. S1, as well as on our smartphone dataset in Fig. S2.
Our 3M-TI model produces thermal images with sharper,
more realistic, and visually faithful details.

For example, 3M-TI successfully reconstructs the traffic
cone (Row 3 in Fig. S1) and preserves the circular shape
of the sign, which is severely degraded in the input thermal
image (Row 3 in Fig. S2). By comparison, OSEDiff [8] and
SeeSR [9] frequently introduce unrealistic artifacts, while
CoReFusion [3], SwinFuSR [1], and SwinPaste [11] tend to
yield blurrier results.

4. More Results on Object Detection

We present additional thermal object detection results in
Fig. S3. In Row 1, 3M-TTI delivers the most accurate de-
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Input Thermal  Reference RGB CoReFusion SwinFuSR SwinPaste SeeSR OSEDiff (3M-TI) Ours GT

Figure S1. Qualitative comparison on our test set (zoom in for details). 3M-TI produces the most faithful and visually consistent results,
delivering sharp structures and accurate thermal patterns that align closely with the GT. Representative examples include the sign (Row 1),
English characters (Row 2), the traffic cone and car (Rows 3 and 5), and the pedestrians (Row 4).

tection performance, whereas the RGB image and SeeSR
introduce 1 and 3 false positives, respectively. SwinPaste
fails to detect any individual. Moreover, the reconstructed
thermal and RGB detections exhibit complementary char-
acteristics. In Row 2, the RGB image successfully sepa-
rates two heavily overlapping individuals but yields 1 false
positive, while the reconstructed thermal image of 3M-TI
tends to merge them into a single entity but produces no
false alarms (the positions of the two overlapping individu-
als are indicated in the figure).

5. More Results on Semantic Segmentation

We present additional thermal semantic segmentation re-
sult in Fig. S4. The prompts are “automobile, road”. 3M-
TI produces the most accurate and comprehensive segmen-
tation map, even outperforming the map produced by the
RGB reference. While RGB misses the middle automobile,
SeeSR and SwinPaste fail to segment the two automobiles
occluded by the front automobile.
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Figure S2. Qualitative comparison on our smartphone dataset (zoom in for details). 3M-TI demonstrates strong generalization ability,
producing sharp and faithful thermal details that remain highly consistent with the corresponding RGB images.
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Figure S3. Visualization of detection results, where green bounding boxes denote correct detections and red bounding boxes denote
incorrect ones. In Row 1, 3M-TI yields the most accurate detection results, whereas the RGB image and SeeSR introduce 1 and 3 false
positives, respectively. SwinPaste fails to detect any individual. In Row 2, the RGB image successfully separates heavily overlapping
individuals but yields 1 false positive, while the reconstructed thermal image of 3M-TI tends to merge them into a single entity but
produces no false alarms.
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Figure S4. Visualization of segmentation results. 3M-TI produces the most accurate and comprehensive segmentation map, even outper-
forming the map produced by the RGB reference. While RGB misses the middle automobile, SeeSR and SwinPaste fail to segment the
two automobiles occluded by the front automobile.
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