
Thermal-Physics Guided Infrared Image Super-Resolution with
Dynamic High-Frequency Amplification

Mingxuan Zhou1*, Yirui Shen1*, Shuang Li2†, Jing Geng1†, Yutang Zhang2, Shuigen Wang3

1School of Computer Science & Technology, Beijing Institute of Technology, Beijing, China
2School of Artificial Intelligence, Beihang University, Beijing, China

3Iray Technology Co., Ltd., Shandong, China
{mingxuanzhou, yrshen, janegeng}@bit.edu.cn, {shuangliai, yutangzhang}@buaa.edu.cn, shuigen.wang@iraytek.com

Abstract

The practical deployment of infrared imaging is hindered by
its inherent output of low-resolution (LR) images. While the
super-resolution (SR) technique is a promising remedy, we
discover two major challenges concerning infrared image SR:
preserving accurate thermal distributions, which are funda-
mental to infrared imaging, and addressing the ambiguity
of high-frequency elements compared to visible images. To
tackle these issues, we propose ThesIS, a tailored framework
that utilizes Thermal-Physics guidance and dynamic high-
frequency amplification for Infrared image Super-resolution
to produce high-resolution (HR) images with accurate phys-
ical properties and delicate visual details. Specifically, Ther-
mal Regularization is introduced to reconstruct the accurate
thermal radiation distribution via the introduced Infrared Ra-
diation Intensity Alignment Loss, mitigating the adverse ef-
fects of complex degradations while conducting initial up-
scaling. Additionally, we design a guidance mechanism to
counter the randomness of the diffusion model, further re-
fining the preservation of physical information. The proposed
Dynamic High-Frequency Amplification effectively strength-
ens the ambiguous high-frequency information present in in-
frared images, leading to improved texture details and supe-
rior visual quality. Extensive experiments demonstrate that
ThesIS successfully recovers accurate thermal information
while delivering visually satisfying results with state-of-the-
art performance. Furthermore, we introduce the InfraredSR
dataset, which comprises 39,833 images at a resolution of 512
× 512, hoping to advance research in this field.

Introduction
Infrared imaging has long been a versatile and widely
adopted technology, rooted in capturing thermal radiation
emitted in diverse environments (Bao et al. 2023; Huang
et al. 2022). By analyzing this radiation, we extract valuable
information about temperature changes and object shapes
that are difficult to obtain in the visible domain, especially
under poor lighting conditions (e.g., dark nights and foggy
days). This unique capability facilitates applicability across
multiple domains, including surveillance, medical imaging,

*These authors contributed equally.
†Corresponding authors are Shuang Li and Jing Geng.

Copyright © 2026, Association for the Advancement of Artificial
Intelligence (www.aaai.org). All rights reserved.

HR Image LR Image CoRPLE StableSR Ours
D

if
fe

re
n

ce
 M

ap
In

fr
ar

ed
 I

m
ag

e

Figure 1: HR image, the corresponding LR image, and the
SR results generated by CoRPLE (Li et al. 2024), Sta-
bleSR (Wang et al. 2024), and our method (first row). Spa-
tial difference maps (second row) demonstrate that our
method produces results that closely match the infrared ra-
diation intensity distribution of the HR Image.

and temperature monitoring (Yu et al. 2022, 2023; Bao et al.
2023). However, infrared images are frequently in low reso-
lutions, due to constraints in sensor technology and adverse
environmental conditions (Huang et al. 2021). Enhancing
the quality of these images is critical for accurate analysis
and interpretation. While improving the performance of in-
frared devices is one approach, it is costly and inevitably
constrained by physical limitations (Huang et al. 2022). Al-
ternatively, super-resolution algorithms offer a promising
solution to enhance the infrared image quality, directly re-
fining the outputs of infrared imaging systems.

Super-resolution is a fundamental task in computer vision
that has gained significant attention. Some works (Wang
et al. 2021c; Liang et al. 2021; Zhang et al. 2021) uti-
lize CNN (LeCun et al. 1998) and Transformer (Vaswani
et al. 2017) architectures to produce outputs with refined de-
tails and enhanced resolutions. Recent years have witnessed
the notable progress of Diffusion Models (Ho et al. 2020),
prompting exploration of their powerful generative prior in
super-resolution tasks. Typical works such as (Lin et al.
2024; Wang et al. 2024; Saharia et al. 2023) demonstrate the
diffusion model’s ability to generate super-resolved results
with realistic detail information. Nevertheless, these meth-
ods are proposed for visible data, which fundamentally dif-
fer from infrared data in their imaging principles.
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Figure 2: We conduct high-pass operations to visible and
infrared images in the Fourier Spectrum domain and then
reverse the FFT process. r stands for the radius of the filter
mask. It is evident that the high-frequency information in the
infrared images is more ambiguous and weaker.

On one hand, as previously discussed, infrared imaging
captures the thermal radiation of objects. The intensity and
spectral distribution of this radiation reflect an object’s tem-
perature, surface properties, and emissivity (Cui et al. 2020).
As a result, thermal information is crucial for correctly in-
terpreting infrared images and applying them in downstream
tasks. Sadly, current super-resolution methods, whether de-
signed for visible images or specifically tailored for the in-
frared domain, neglect this important aspect. As is shown
in Figure 1, the outputs of these methods exhibit signifi-
cant differences in infrared radiation intensity distributions,
which in turn leads to suboptimal visual quality in our ob-
servation. On the other hand, as illustrated in Figure 2, the
high-frequency information in infrared images is weaker and
limited than that of visible images because of restrictions of
infrared imaging devices (Huang et al. 2022), which leads
to less clear and more ambiguous detail information. This
creates more challenges to infrared image super-resolution
tasks, as the desired method must struggle to reconstruct re-
fined details utilizing modest high-frequency information.

Taking these two factors into account, we propose a dif-
fusion model-based framework called ThesIS for infrared
image super-resolution. Our practical findings indicate that
relying solely on a pre-trained diffusion model is insufficient
for reconstructing high-resolution infrared images while
preserving correct thermal radiation distribution. Therefore,
ThesIS involves two tailored operations, Thermal Regular-
ization and Dynamic High-Frequency Amplification, to
achieve a more feasible reconstruction of both visual repre-
sentations and physical information. In Thermal Regulariza-
tion, we first conduct Infrared Radiation Intensity Restora-
tion, where a Thermal Restoration Network is utilized to
restore the correct thermal radiation distribution, mitigating
the damage caused by complex image degradation. This net-
work is constrained by Infrared Radiation Intensity Align-
ment Loss, which is built on the principle of one-to-one
mapping between grayscale values and radiation intensity.
Given the network’s limited capacity for visual reconstruc-
tion, its output is consequently exploited to fine-tune the
pre-trained Diffusion model for refined visual details. Fur-

thermore, we modify the sampling process by introducing
Thermal-Physics Guidance, ensuring more accurate thermal
radiation distribution during the denoising process. To ad-
dress the ambiguous high-frequency information within in-
frared images, we propose Dynamic High-Frequency Am-
plification. Previous research (Si et al. 2024) has explored
incorporating frequency operation in diffusion architectures
to improve their output qualities. However, such approaches
often rely on manually tuned parameters, which are diffi-
cult to generalize across diverse infrared imaging devices
and degradation conditions. This motivates us to introduce
Dynamic Frequency Filter Block, which involves learning a
dynamic filter and adaptively enhancing high-frequency el-
ements to acquire plausible and delicate image details.

It is also worth noticing the scarcity of publicly avail-
able infrared image super-resolution datasets, prompting
us to introduce a novel dataset named InfraredSR. This
dataset comprises 39,833 infrared images with a resolution
of 512×512, significantly expanding upon the scale of the
previous high-resolution infrared datasets (Shen et al. 2023).

Related Work
Visible Image Super-Resolution
Image super-resolution aims to enhance LR images into HR
outputs. Traditional SR methods (Kim et al. 2016; Dong
et al. 2016; Shi et al. 2016; Haris et al. 2018) utilize neu-
ral networks to learn a mapping from LR to HR using paired
datasets, where LR images are directly down-sampled from
the corresponding HR images. However, this simple pat-
tern fails to reflect real-world image degradation. Alterna-
tive approaches (Bulat et al. 2018; Shocher et al. 2018;
Wang et al. 2018b, 2021b,a) have been proposed to address
this limitation by generating LR images adhering to realis-
tic blurry distributions. GANs have also been explored for
super-resolution tasks (Ledig et al. 2017; Wang et al. 2018a,
2021d; Liang 2021), achieving satisfactory results.

Recently, Diffusion Probability Models (Ho et al. 2020;
Dhariwal et al. 2021) have gained significant attention. Re-
searchers explore leveraging diffusion models to effectively
enhance image resolution. SR3 (Saharia et al. 2023), a pio-
neering work in this area, adapts diffusion models and per-
forms super-resolution through an iterative denoising pro-
cess. Several subsequent studies (Lin et al. 2024; Wang et al.
2024; Yu et al. 2024) incorporate additional conditions to
fine-tune the pre-trained Stable Diffusion. For instance, Sta-
bleSR (Wang et al. 2024) introduces a time-aware encoder
for model guidance and a controllable feature wrapping
module to trade between quality and fidelity. While these
methods have seen success in visible domains, they strug-
gle to effectively address the unique challenges of infrared
image super-resolution and produce suboptimal results.

Infrared Image Super-Resolution
Unlike visible one, infrared imaging faces challenges due
to limitations in its imaging equipment, resulting in reduced
contrast, diminished details and textures, which are reflected
by high-frequency elements. To address these issues, spe-
cialized architectures have been developed.
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Inspired by the advancements in the visible domain, re-
searchers begin leveraging CNNs to super-resolve infrared
images (Fan et al. 2021; Zou et al. 2021; He et al. 2018).
Some approaches further incorporate information from the
visible spectrum to aid in this task. For instance, PSR-
GAN (Huang et al. 2021) employs a GAN framework that
integrates transfer learning to achieve high-quality results.
Recently, Transformer-based methods have gained traction
in this realm. CoRPLE (Li et al. 2024) involves prompt
learning in the transformer architecture to improve output
quality. The latest advancements include DifIISR (Li et al.
2025), which integrates gradient information from visual
and perceptual priors into diffusion models (Ho et al. 2020),
leading to superior visual fidelity and enhanced performance
on downstream tasks. However, few methods take the im-
portant thermal properties of infrared images into account,
leading to inaccurate thermal distributions and ultimately
compromising result fidelity. Although (Zou et al. 2024) at-
tempts to constrain thermal information in the spectral do-
main, it does not adequately address the degradation of ther-
mal consistency under complex degradation scenarios.

Proposed Method
We propose an innovative architecture, ThesIS, for infrared
image super-resolution towards real physical thermal prop-
erties and delicate visual representations. As illustrated in
Figure 3, ThesIS comprises two core operations for robust
training and progressive restoration. In Thermal Regulariza-
tion, we propose the Infrared Radiation Intensity Alignment
Loss to restore the accurate thermal radiation distribution
disrupted by complex degradations and guide the denoising
process of Stable Diffusion during inference. The Dynamic
High-frequency Amplification leverages the Dynamic Fre-
quency Filter Block (DFFB) to extract and enhance high-
frequency components within the given feature maps, en-
abling the diffusion model to achieve super-resolution re-
sults with enhanced visual quality and refined details.

Thermal Regularization
Infrared Radiation Intensity Restoration. Based on the
principles of infrared imaging, accurately restoring the in-
frared radiation intensity distribution requires alignment of
the grayscale value distribution. In the infrared domain,
grayscale histograms are commonly used to depict this dis-
tribution by illustrating the frequency of pixels at each in-
tensity level. Consequently, we aim to leverage histogram-
based tools to further regulate the grayscale distributions be-
tween super-resolution results and ground truth images. In-
spired by (Avi-Aharon et al. 2023), we propose an Infrared
Radiation Intensity Alignment Loss to serve as the thermal
regularization based on differentiable histograms.

For a given infrared image X , each pixel of it has a
grayscale value g(xi) ∈ [0, 255], where xi denotes the pixel-
wise element of X . The intensity of an image pixel is de-
noted as I(xi) ∈ [0, 1], where I(xi) is equals to g(xi)/255.
We then use the Kernel Density Estimation (KDE) (Davis
et al. 2011; Parzen 1962) with a reflection boundary correc-
tion strategy to estimate the probability density function fI

of gray-level intensity:

f̂I(y) =
1

NW

∑
xi∈X

[K(
I(xi)− y

W
)+

K(
I(xi) + y − 2a

W
) +K(

I(xi) + y − 2b

W
)],

(1)

where y ∈ [0, 1], N is the number of pixels and W repre-
sents the bandwidth. The kernel function K(·) is defined as
the derivative of a sigmoid function σ(x), given by K(x) =
σ′(x). Here, a = 0, and b = 1 represent the minimum and
maximum values of the intensity interval.

We divide the pixel grayscale intensity interval [0, 1] into
256 sub-intervals {Bk}255k=0. Each sub-interval has a length
of L = 1

256 and a midpoint µk = L(k + 1
2 ). Based on this

setting, the probability of a pixel in the image falling within
a particular grayscale interval can be derived as:

PI (k) =

∫
y∈Bk

f̂I (y) dy. (2)

The probability function PI(k) denotes the value of the k-
th bin in our grayscale histogram. A differentiable histogram
H for a given image then can be constructed:

H = {µk, PI(k)}255k=0. (3)

Let I1 and I2 represent the infrared images under com-
parison. The disparity in grayscale distribution can be quan-
tified using the differentiable histograms. We employ the
Wasserstein Distance (Rubner et al. 2000) to measure the
similarity between these distributions, as it is particularly
effective for this purpose. Denoting H1 and H2 as the his-
tograms of images I1 and I2 respectively, Wasserstein Dis-
tance is equivalent to Mallows’ distance for one-dimensional
histograms with equal areas (Levina et al. 2001):

W(H1,H2) =

(
1

K

) 1
l

∥CDF(H1)− CDF(H2)∥l , (4)

where K = 256, CDF(·) is the cumulative density function.
We then propose the Infrared Radiation Intensity Align-
ment Loss with the following formulation:

LIRA(I1, I2) =
255∑
i=0

(CDFi(H1)− CDFi(H2))
2, (5)

where CDFi(H) represents the i-th element of the cumula-
tive density function of H .

To address the distortion of true thermal radiation in-
tensity, we propose a Thermal Restoration Network. Given
the low-resolution image ILR, the proposed network gen-
erates the upsampled image IUP . Parameter optimization is
achieved by minimizing the following loss function:

L = L1(IUP , IGT ) + λLIRA(IUP , IGT ), (6)

where L1(IUP , IGT ) = ||IUP − IGT ||1, and IGT denotes
the corresponding ground truth image.

This restoration module can effectively and reasonably re-
store the distribution of thermal radiation intensity as well
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Figure 3: An overview of ThesIS. Infrared Radiation Intensity Restoration is proposed to recover the accurate thermal radiation
distribution and guide the denoising process of Stable Diffusion. The Dynamic High-Frequency Amplification incorporates
high-frequency prior into diffusion models, facilitating the generation of outputs with enhanced textures and finer details.

as perform preliminary upsampling. Furthermore, IUP will
serve as a guide for the finetuning of the generation module.

Thermal-Physics Guidance. Inspired by the remarkable
generative capabilities of Stable Diffusion (Rombach et al.
2022), we incorporate it as the generative prior in our in-
frared super-resolution tasks. During the diffusion process,
we use the encoder of Stable Diffusion to map IUP into
the latent space, obtaining the initial latent representation
z = E(IUP ), which is used both for the diffusion process
and as the additional condition. We take z = E(IUP ) as the
starting point of the forward Markov process and gradually
add Gaussian noise to generate the noisy features zt:

zt =
√
ᾱtz +

√
1− ᾱtϵ, (7)

where ϵ ∼ N (0, I), αt = 1− βt and ᾱt =
∏t

s=1 αs.
In the denoising process, a network ϵθ is learned by pre-

dicting the noise ϵ conditioned on c. At a time step t, we can
obtain a cleaner latent zt−1:

zt−1 =
√
αt−1z̃0 +

√
1− αt−1ϵθ(zt|t, c),

z̃0 =
zt −

√
1− ᾱtϵθ(zt|t, c)√

ᾱt
.

(8)

Therefore, the sampling process of zt−1 can be defined as
q(zt−1|zt, z̃0). The iterative inference steps of the denoising
process allow us to guide the sampling process with auxil-
iary information. Inspired by (Fei et al. 2023), we leverage
the Infrared Radiation Intensity Alignment Loss to further
steer the denoising process towards super-resolution results
that maintain accurate physical properties. At each time step
t, the denoiser of Stable Diffusion predicts the noise ϵt of
the noisy latent zt. From this, we can derive z̃0 as outlined
in Equation 8. To ensure that the distribution of thermal ra-
diation remains accurate and undisturbed, we apply LIRA

between D(z̃0) and IUP in the pixel space, and then update
the latent z̃0 accordingly, as illustrated in Algorithm 1.

This guidance mechanism is essential for mitigating the
intrinsic randomness of diffusion models and aiding the gen-
eration of infrared images with reasonable thermal radiation
distribution during the denoising process.

Algorithm 1: Thermal-Physics Guidance
Input: Image IUP , control conditions c, guidance scale s
Output: Super-resolution result

1: Sample zT from N (0, I)
2: for t from T to 1 do
3: z̃0 =

zt −
√
1− ᾱtϵθ(zt|t, c)√

ᾱt

4: L = LIRA(D(z̃0), IUP )
5: Sample zt−1 from q(zt−1|zt, z̃0 − s∇z̃0L)
6: end for
7: return super-resolution result ISR = D(z0)

Dynamic High-Frequency Amplification

Recent research has demonstrated that skip connections in
U-Net architectures (Ronneberger et al. 2015; Zhou et al.
2018) introduce high-frequency features into the decoder
module. Building on this insight, some approaches have pro-
posed applying spectral modulation in the Fourier domain
to selectively reduce low-frequency components in skip
connections, thereby enhancing detail generation (Si et al.
2024). However, relying on a frequency-dependent scaling
factor to retain high-frequency details in skip features often
requires extensive manual tuning. This challenge is particu-
larly pronounced in infrared images, where high-frequency
information is less prominent, and diverse degradations can
impact frequency content in complex ways. A pre-set scal-
ing factor may therefore struggle to effectively address the
variety of real-world degradation scenarios. To overcome
this limitation, we propose a dynamic high-frequency fea-
ture amplification approach, implemented through Dynamic
Frequency Filter Blocks (DFFB), as illustrated in Figure 3.

The DFFB aims to decompose the given features into sep-
arate frequency parts based on dynamically learned filters
and retain the amplified high-frequency components. Specif-
ically, given the input features Fs ∈ RH×W×C , we propose
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to learn dynamic frequency filters:

F
′

s = Conv(MaxPooling(Fs)),

fhp = σ(Conv(F
′

s))⊙ F
′

s ,
(9)

where Conv(·) represents the convolutional layer, σ(·) is
the sigmoid activation layer and ⊙ denotes the element-wise
product. The learned dynamic filters fhp are used to extract
high-frequency information within the given features.

We incorporate the proposed DFFB into the U-Net skip
features to amplify high-frequency components for integra-
tion into the U-Net decoder. This frequency filter uses a
dynamically learned approach to extract high-frequency in-
formation, aiding the diffusion model in generating super-
resolution infrared images with enhanced texture fidelity.

In practical applications, we found that relying solely on a
diffusion model fails to ensure consistency between the SR
results and the original output, which is especially critical
for high-frequency information in infrared images. This phe-
nomenon prompted us to introduce conditional controls into
the pre-trained diffusion models (Zhang et al. 2023). Multi-
scale feature maps of the Thermal Restoration Network can
provide relevant information about the image, especially the
texture and detail information (Ding et al. 2021; Shang et al.
2024). These feature maps are concatenated along the chan-
nel dimension, and the proposed DFFB is also applied to
extract and amplify high-frequency components. The en-
hanced high-frequency features are then processed through
several convolutional layers to adjust their dimensionality,
matching the shape of the latent features z. The fusion of
multi-scale features with the latent representation z offers
refined guidance for the denoising process, enhancing the
model’s ability to recover fine details in infrared images.

InfraredSR Dataset
We propose a high-resolution infrared dataset, InfraredSR,
containing 39,833 infrared images in total, intending to
appraise the proficiency of approaches for infrared super-
resolution. Specifically, the dataset includes high-resolution
images captured using long-wavelength infrared (LWIR)
cameras, with subsequent preprocessing performed to en-
sure uniformity across samples. All HR images are pro-
vided at a resolution of 512 × 512 for training purposes. For
evaluation, we construct two test sets, InfraredSR-Synthetic
and InfraredSR-Real, which are images with a resolution of
128 × 128 manually degraded using the multiple high-order
degradation pipeline as (Wang et al. 2021c) and captured in
real-world conditions, respectively.

Experiments
Settings
Implementation details. We perform ×4 super-resolution
tasks for both training and evaluation. In the Thermal Regu-
larization, a Thermal Restoration Network is trained, com-
prising the first four blocks of VGG16 (with max-pooling
layers removed) and three deconvolution layers. The Adam
optimizer is adopted, and the learning rate is set as 1×10−4.

Methods PSNR↑ SSIM↑ LPIPS↓ FID↓ NIQE↓ MANIQA↑

RealSR 17.9849 0.5377 0.4699 62.6513 4.6909 0.2408
BSRGAN 20.5212 0.5760 0.4048 65.4193 4.9319 0.2840

RealESRGAN 21.6359 0.6022 0.4033 42.4908 4.9303 0.2640
SwinIR 21.2873 0.5989 0.4191 56.2623 6.4174 0.2809

HAT 18.8475 0.5984 0.5033 67.8188 6.2342 0.3002

StableSR 20.3682 0.6043 0.3098 38.7586 4.4325 0.3545
DiffBIR 20.5470 0.5993 0.3114 38.5637 4.4692 0.3312
DiffPIR 21.5780 0.6047 0.3596 39.3274 4.5347 0.3624

LKFormer 18.9746 0.6057 0.5031 63.1862 6.0996 0.2940
CoRPLE 21.0760 0.6509 0.5484 59.7039 6.9174 0.2703
DifIISR 22.2931 0.6469 0.3629 40.6326 4.5226 0.3604

Ours 23.0170 0.6781 0.2921 37.1473 4.3803 0.3729

Table 1: Comparison on the InfraredSR-Synthetic test set.
We mark the best and second best performance in bold and
underline texts respectively.

For the Dynamic High-Frequency Amplification, we con-
struct our generation module based on Stable Diffusion with
text prompts kept empty. The Adam optimizer is employed
with a learning rate of 5× 10−5. As for inference, we adopt
DDPM (Ho et al. 2020) sampling utilizing the proposed
thermal-physics guidance with 50 time steps.

Datasets. We utilize the proposed InfraredSR dataset for
both training and evaluation. Additionally, we evaluate our
method on publicly available infrared image datasets, in-
cluding IR700 (Datset 2021) and 101Thermal (Danaci et al.
2022), applying the degradation pipeline consistent with our
InfraredSR-Synthetic to generate corresponding LR inputs.

Baseline Methods. We conduct a comprehensive com-
parison of our proposed method with several visible image
super-resolution methods, including RealSR (Ji et al. 2020),
BSRGAN (Zhang et al. 2021), RealESRGAN (Wang et al.
2021c), SwinIR (Liang et al. 2021), and HAT (Chen et al.
2023). Additionally, we compare our method with diffusion-
based super-resolution models such as StableSR (Wang et al.
2024), DiffBIR (Lin et al. 2024), and DiffPIR (Zhu et al.
2023). We also include LKFormer (Qin et al. 2024), CoR-
PLE (Li et al. 2024), and DifIISR (Li et al. 2025), which
are methods specifically designed for infrared images. All
models are obtained from their official releases.

Evaluation Metrics. We utilize various image quality as-
sessment metrics, including PSNR, SSIM, LPIPS (Zhang
et al. 2018), FID (Heusel et al. 2017), NIQE (Mittal et al.
2012), and MANIQA (Yang et al. 2022), to evaluate the per-
ceptual quality of super-resolved results on the InfraredSR-
Synthetic test set. For the publicly available IR700 and
101Thermal datasets, we report metrics such as PSNR and
SSIM. To further validate the effectiveness of our approach
in real-world scenarios, we report NIQE and MANIQA
scores on the InfraredSR-Real test set. In addition, we as-
sess the alignment of infrared radiation intensity by com-
puting the Correlation (COR) and Bhattacharyya distance
(BHAD) (Kailath 1967) between the grayscale histograms
of the ground-truth and super-resolved images.
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Figure 4: Qualitative comparisons with different methods on
InfraredSR-Synthetic test set. Our method produces favor-
able super-resolution results close to the ground truth and
with desirable visual details. Please zoom in for details.

Methods
InfraredSR IR700 101Thermal

COR↑ BHAD↓ COR↑ BHAD↓ COR↑ BHAD↓

RealSR 0.9100 0.1533 0.9084 0.1612 0.9173 0.1509
BSRGAN 0.8984 0.1607 0.8674 0.1650 0.8982 0.1608

RealESRGAN 0.8421 0.1930 0.9151 0.1435 0.8729 0.1680
SwinIR 0.9214 0.1405 0.9250 0.1379 0.9034 0.1551

HAT 0.9133 0.1452 0.9210 0.1337 0.9231 0.1472

StableSR 0.8609 0.1629 0.8818 0.1636 0.8757 0.1692
DiffBIR 0.9276 0.1425 0.9281 0.1378 0.9196 0.1519
DiffPIR 0.8308 0.1929 0.8671 0.1927 0.8196 0.2019

LKFormer 0.9189 0.1448 0.9326 0.1306 0.9201 0.1489
CoRPLE 0.8917 0.1510 0.8981 0.1512 0.8929 0.1649
DifIISR 0.9238 0.1418 0.9223 0.1404 0.9180 0.1526

Ours 0.9319 0.1387 0.9407 0.1294 0.9281 0.1454

Table 2: Comparison based on grayscale histogram similar-
ity metrics on the test set InfraredSR-Synthetic and pub-
lic datasets IR700 and 101Thermal. Our method achieves
SOTA performance to recover precise physical information.

Main Results

Quantitative Comparisons with Baseline Methods. Ta-
ble 1 presents the evaluation metrics for the InfraredSR-
Synthetic test set. Our method achieves state-of-the-art

l1 Loss for Thermal
Restoration Network

IRA Loss for Thermal
Restoration Network

PSNR↑ COR↑ BHAD↓

% % 21.8976 0.9163 0.1508
! % 22.5589 0.9274 0.1431
! ! 23.0170 0.9319 0.1387

Table 3: Ablation studies on components of our proposed
method on the benchmark of InfraredSR-Synthetic dataset.

(SOTA) performance across all evaluation metrics. Notably,
current SOTA methods proposed for visible images (Liang
et al. 2021; Chen et al. 2023) struggle to achieve competi-
tive scores, underscoring the unique challenges of infrared
super-resolution and the effectiveness of our approach in the
infrared domain. More importantly, Table 2 illustrates the
similarity between the grayscale histograms of ground-truth
images and super-resolution results. Our method generates
outputs that most closely align with the thermal radiation in-
tensity distribution of real-world scenes, demonstrating its
ability to accurately restore infrared radiation information.

Qualitative Comparisons. We present comparisons for
InfraredSR-Synthetic and InfraredSR-Real in Figure 4 and
Figure 5, respectively. Our approach demonstrates superior
visual quality, preserving delicate textures and fine-grained
details. We further analyze the distribution of infrared radi-
ation intensity and visualize the differences through differ-
ence histograms between the HR image and its counterparts
in Figure 1. SR result of ThesIS closely matches the infrared
radiation intensity distribution of the HR image, reinforcing
its capacity to restore accurate physical information.

Ablation Studies
The Importance of Thermal Restoration Network. We
ablate the Thermal Restoration Network by directly upsam-
pling the LR image and feeding it into the diffusion model,
while retaining the same feature extraction network for guid-
ance. Evaluation is conducted on the InfraredSR-Synthetic
test set, with metrics reported in Table 3. Removal of the
Thermal Restoration Network leads to a noticeable decline
in performance scores, highlighting its crucial role in alle-
viating real-world degradation effects and performing initial
restoration of the thermal radiation information.

The Necessity of IRA Loss. We utilize the IRA Loss to
regulate the alignment of infrared radiation distribution in
Thermal Regularization. To evaluate its impact, we remove
the IRA Loss and train the Thermal Restoration Network
with only l1 loss. As shown in Table 3, this modification
results in the model failing to achieve satisfactory scores in
terms of COR and BHAD, leading to unreliable infrared out-
puts. These results underscore the effectiveness of the IRA
Loss in restoring the infrared radiation intensity distribution.

The Effectiveness of DFFB. We present the log ampli-
tudes of Fourier-transformed U-Net features in Figure 6, af-
firming that DFFB amplifies high-frequency components.
Additional studies are conducted by either removing the
DFFB or replacing it with frequency scaling factors (Si et al.
2024). Quantitative results are provided in Table 4. The ob-
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Figure 5: Qualitative comparisons with different methods on InfraredSR-Real test set. Our method yields favorable results with
delicate details from a smaller resolution under complicated real-world settings. Please zoom in for details.

Figure 6: Log amplitudes in U-Net skip connections.

Methods PSNR↑ SSIM↑ FID↓ MANIQA↑

Baseline 22.3626 0.6160 38.8312 0.3598
Frequency Scaling Factor 22.7863 0.6526 38.0522 0.3617

Ours 23.0170 0.6781 37.1473 0.3729

Table 4: Ablations on DFFB in U-Net.

served decline in performance scores when omitting the dy-
namic high-frequency operation or substituting it with fixed
scaling factors confirms DFFB’s role in retaining and ampli-
fying high-frequency information in infrared images.

The Indispensability of Thermal-Physics Guidance
and the Impact of Its Scale. We explore the necessity of
the guidance mechanism for inference and investigate the
impact of its scale s on super-resolution results, as shown in
Table 5. Removing the guidance mechanism (s = 0) leads
to unsatisfactory scores in terms of COR and BHAD. As the

Scale PSNR↑ MANIQA↑ COR↑ BHAD↓

s = 0 22.3960 0.3877 0.9209 0.1408
s = 0.5 23.0325 0.3783 0.9287 0.1396

s = 1 (Ours) 23.0170 0.3729 0.9319 0.1387
s = 2 23.0179 0.3701 0.9321 0.1382
s = 4 23.0181 0.3694 0.9317 0.1385

Table 5: Ablations on different scales of the proposed
thermal-physics guidance.

scale increases, both the fidelity of the images (measured
by PSNR) and the preservation of accurate physical infor-
mation improve and gradually converge, but the quality of
outputs (represented by MANIQA) continues to decline. A
larger scale of guidance may constrain the generated latent
to be closer to the preliminary upsampled image, thus failing
to produce refined textures and details. Therefore, we choose
s = 1, as it doesn’t significantly compromise image quality
while effectively restoring accurate physical information.

Conclusion
In this paper, we propose ThesIS, a novel framework specif-
ically designed for infrared image super-resolution. Our ap-
proach employs Thermal Regularization and Dynamic
High-Frequency Amplification operations to progressively
restore physical properties and enhance the resolution of in-
frared images. We further propose InfraredSR, a new in-
frared super-resolution dataset comprising 39,833 images,
to fill the current blank in this area. Experimental results
demonstrate that our model achieves SOTA performance on
both synthetic and real-world datasets, highlighting its ef-
fectiveness. We hope that our innovative focus on thermal
radiation intensity for infrared super-resolution tasks, along-
side the proposed dataset, will accelerate progress in both
related research and practical applications.
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