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Abstract

Unsupervised real-world image super-resolution (SR)
faces critical challenges due to the complex, unknown
degradation distributions in practical scenarios. Due
to a significant domain gap, existing methods struggle
to generalize from synthetic low-resolution (LR) and
high-resolution (HR) image pairs to real-world data. In
this paper, we propose an unsupervised real-world SR
method based on rectified flow to capture and model
real-world degradation effectively, synthesizing LR-HR
training pairs with realistic degradation. Specifically,
given unpaired LR and HR images, we propose a novel
Rectified Flow Degradation Module (RFDM) that intro-
duces degradation-transformed LR (DT-LR) images as
intermediaries. By modeling the degradation trajectory
continuously and invertibly, RFDM better captures real-
world degradation and enhances the realism of gener-
ated LR images. Additionally, we propose a Fourier
Prior Guided Degradation Module (FGDM) that lever-
ages structural information embedded in Fourier phase
components to ensure precise modeling of real-world
degradation. Finally, the LR images are processed by
both FGDM and RFDM, producing final synthetic LR
images with real-world degradation. The synthetic LR
images are paired with the given HR images to train the
off-the-shelf SR networks. Extensive experiments show
our method significantly boosts off-the-shelf approaches
in real-world scenarios.

Keywords: Image Super-Resolution, Real-World, Un-
supervised Learning, Flow Matching, Rectified Flow
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Figure 1. Illustration of different approaches for synthesizing real-
istic LR-HR pairs from unpaired LR-HR data.

1. Introduction

Image SR focuses on generating high-resolution (HR)
images from low-resolution (LR) inputs, serving as a core
task in low-level vision. While deep learning-based ap-
proaches [10, 23, 54, 12, 52] have shown strong perfor-
mance under predefined degradations like Bicubic or Gaus-
sian, their effectiveness often declines on real-world images
due to the gap between synthetic training data and complex,
unknown real-world degradation [25, 5].

1



Supervised real-world image SR methods rely on either
real paired datasets [4, 44] or synthetic degradations [50,
40]. While real datasets provide realistic training data, they
are costly to collect and often suffer from alignment and
color issues [25, 5]. Synthetic approaches are more scalable
but struggle to simulate accurate degradation [25]. Unsu-
pervised methods address these limitations by utilizing un-
paired LR-HR datasets to either train SR models directly or
generate synthetic LR-HR pairs. The former [47, 30, 45] of-
ten struggles with capturing the true HR distribution due to
training instability [25, 53]. The latter employs generative
methods to synthesize LR-HR pairs, as shown in Fig. 1 (a)
and (b), primarily using adversarial learning to capture real
degradation or leveraging diffusion to learn real degradation
from noisy LR images. For example, SynReal [46] uses dif-
fusion to refine noisy LR inputs from HR images, but its re-
liance on noise may introduce distortions in training pairs.
UDDM [7] combines adversarial learning and diffusion to
synthesize LR, but it is limited by the instability of adver-
sarial training. Additionally, using diffusion to learn real
degradation from extremely downsampled LR images leads
to significant information loss, impacting the quality of syn-
thesized LR-HR pairs. Thus, constructing realistic LR-HR
pairs from unpaired data remains a challenging task.

Recently, flow matching [2] has shown great promise
in image restoration [60], especially with the development
of rectified flow [26, 27]. Unlike diffusion-based meth-
ods [16] that rely on iterative denoising, rectified flow mod-
els a straight trajectory from a simple prior to the data distri-
bution, leading to more efficient sampling and stable train-
ing. This makes it particularly suitable for the SR tasks,
as it can more effectively capture the complex degradation
in real-world LR images. However, its potential in SR re-
mains largely unexplored, especially under unpaired set-
tings where the absence of LR-HR pairs makes degradation
modeling more challenging.

After repeated up-down sampling operations, LR images
with different degradations transform into similar degra-
dations. Based on this observation, we propose an un-
supervised real-world image super-resolution method us-
ing a Rectified Flow-based Degradation Module (RFDM)
to capture real-world degradation effectively. Specifically,
as shown in Fig. 1 (c), we first apply repeated up-down
sampling to real-world LR images to obtain degradation-
transformed LR (DT-LR) images. RFDM then learns a con-
tinuous and invertible flow transformation from DT-LR to
real-world LR images, allowing it to model complex real-
world degradation using only real LR data. During infer-
ence, this learned transformation is applied to DT-LR im-
ages generated from HR images, ensuring that the gener-
ated LR images follow real-world degradation. In addition,
we introduce a Fourier Prior Guided Degradation Module
(FGDM) to enhance the accuracy of degradation model-

ing further. Leveraging the prior that degradation primar-
ily affects the amplitude in the Fourier domain while the
phase preserves structural information, FGDM refines the
amplitude of DT-LR images using the phase of real LR im-
ages as structural guidance, thereby facilitating more pre-
cise degradation modeling in RFDM. Finally, the synthetic
LR images generated by FGDM and RFDM, following real-
world degradation distributions, are paired with HR images
to train the SR models. In summary, the main contributions
of this paper are three-fold:

• We propose an unsupervised real-world image super-
resolution method via rectified flow degradation mod-
eling, which effectively captures authentic degradation
to synthesize realistic training data, thereby enhancing
the off-the-shelf SR-Resolvers’ performance.

• We propose a novel Rectified Flow-based Degradation
Module (RFDM) that utilizes degradation-transformed
LR (DT-LR) images as intermediaries to bridge un-
paired LR-HR data, effectively modeling real-world
degradation via Rectified Flow’s ability to learn com-
plex and invertible transformations.

• We propose a Fourier Prior Guided Degradation Mod-
ule (FGDM) that leverages structural information em-
bedded in Fourier phase components to ensure more
precise modeling of real-world degradation in RFDM.

The remainder of this paper is organized as follows. Sec-
tion 2 reviews the related work. Section 3 provides a de-
tailed description of the proposed methodology. The exper-
imental setup, results, and ablation studies are presented in
Section 4. We discuss the limitations of our approach in
Section 5. Finally, Section 6 concludes the paper.

2. Related Work

2.1. Single Image Super-Resolution Methods

Early SR approaches such as SRCNN [10] employ shal-
low convolutional networks. Subsequent methods introduce
residual learning [14], which enables the design of deeper
architectures [17, 23, 55] with improved reconstruction ca-
pabilities. Attention-based models [54, 9, 32] are proposed
to emphasize informative regions and refine feature repre-
sentation. Transformer-based approaches [22, 8, 6] further
improve performance by capturing long-range dependen-
cies. More recently, MambaIR [13, 12, 58] leverages Vision
Mamba [11, 49] to model global context efficiently with
linear complexity. Despite these advances, these methods
often generate perceptually smooth results lacking fine de-
tails. To address this, adversarial training [19, 40, 20] and
diffusion-based methods [34, 39, 42, 48] are investigated to
enhance perceptual quality. Though successful on synthetic
degradation, they struggle with real-world scenarios.



2.2. Real-World Super-Resolution Methods

Supervised real-world SR methods either acquire real
LR-HR pairs [4, 44] using specialized imaging systems,
which capture authentic degradation but require costly hard-
ware [5], or simulate real-world degradation by enumer-
ating the degradation operations [50, 40, 39, 48, 21, 57],
which offer scalability but suffer from inaccurate degrada-
tion simulation [25]. Unsupervised real-world SR meth-
ods typically utilize unpaired LR-HR images to implic-
itly learn degradation patterns and directly train SR mod-
els [3, 47, 30, 45, 36, 59]. In contrast, some methods
first generate paired LR-HR data from unpaired images be-
fore training. For example, SynReal [46] trains a diffusion
model on real LR images to iteratively add noise to HR in-
puts and denoise them, producing realistic LR-HR pairs.
However, this process often introduces distortions in the
generated pairs. UDDM [7] combines GANs and diffusion
models to synthesize LR-HR pairs from extremely down-
sampled LR images. However, the loss of fine details and
the instability of adversarial learning limit their quality.

2.3. Rectified Flow

Several recent studies have explored the use of Recti-
fied Flow to improve the efficiency of generative model-
ing. Liu et al. [27] initially introduced the Rectified Flow
framework, which learns to generate high-quality images
by constructing a linear trajectory between two data dis-
tributions, thereby reducing the sampling process to only
one or a few steps. InstaFlow [29] extends this concept
to text-to-image generation, where rectifying the probabil-
ity flow trajectories enables high-fidelity synthesis within a
single forward pass. FlowGrad [28] further enhances con-
trollability by enabling gradient backpropagation along the
ODE trajectories, allowing users to manipulate the output
of pre-trained Rectified Flow models. Recently, the Recti-
fied Flow paradigm has also been adapted to low-level vi-
sion tasks for model acceleration [21, 60]. For example,
FlowIE [60] formulates a conditional Rectified Flow to con-
struct a linear many-to-one mapping for efficient image en-
hancement, while FluxSR [21] leverages the same principle
to distill diffusion priors, achieving one-step SR. Rectified
Flow has been rarely explored for the SR task, particularly
in unpaired settings where missing LR-HR correspondences
hinder effective degradation modeling.

3. Our Method

3.1. Overview

We aim to reduce the degradations gap between training
and testing datasets so that SR models trained on synthetic
datasets can be applied to real-world LR images. As shown
in Fig. 2 and Algorithm 1, our method mainly consists of
three components: training degradation modules, synthe-

Algorithm 1 Training and Data Synthesis Pipeline
Input:

1. Unpaired LR-HR training data (Xreal, Y )
2. SR model

Output:
1. Paired LR-HR training data (Xsyn, Y )
2. Trained SR model

Networks:
1. FGDM (Fourier Prior Guided Degradation Module)
2. RFDM (Rectified Flow Degradation Module)

Training Degradation Modules:
1: Initialize parameters of FGDM, RFDM
2: Generate training data DT-LR images Xdt from real LR

images Xreal

3: Use Xdt and Xreal to train FGDM
4: Use Xdt, Xreal, and the trained FGDM to train RFDM
5: return trained FGDM, trained RFDM
Synthesizing LR-HR pairs:
1: Generate DT-LR images Xdt from HR images Y
2: Use Xdt, trained FGDM, and trained RFDM to synthe-

size real degraded LR images Xsyn.
3: return paired training data (Xsyn, Y )
Training SR Model:
1: Use paired training data (Xsyn, Y ) to train SR model
2: return trained SR model

sizing LR-HR pairs, and training the SR model. Training
degradation modules is a crucial component of our method
and consists of two key parts: the Fourier Prior Guided
Degradation Module (FGDM) and the Rectified Flow-based
Degradation Module (RFDM). Specifically, as shown in
Fig. 2 (a), we first train FGDM, which applies repeated
up-down sampling to generate DT-LR images, enhances the
amplitude components, and uses phase information to pre-
serve structural details, facilitating the initial learning of re-
alistic degradation. Building upon this foundation, we train
RFDM, further refining the degradation modeling process
by leveraging rectified flow to accurately capture real-world
degradation transformations.

Once the degradation modules (FGDM and RFDM) are
optimized, as shown in Fig. 2 (b), we synthesize LR-HR
pairs by sequentially applying both modules. Specifically,
the HR images are first downsampled using bilinear interpo-
lation to obtain LR (bi) images. The FGDM then processes
these LR (bi) images to introduce initial real-world degra-
dations, followed by the RFDM, which further refines these
degradations to match real-world conditions more closely.
This pipeline effectively ensures that the SR model, which
is trained on the synthesized LR-HR image pairs, can ac-
quire and maintain strong generalization capability towards
real-world LR inputs in diverse scenarios.
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Figure 2. Overview of the proposed method. During the training phase, the Fourier Prior Guided Degradation Module (FGDM) and
Rectified Flow Degradation Module (RFDM) are trained using only real-world LR images. In the synthesis phase, the trained models
generate realistic pseudo LR images. Finally, the resulting LR-HR pairs can be used to train any SR model.

3.2. Rectified Flow Degradation Module

Flow matching [2, 24] formulates generative modeling
as solving an ordinary differential equation (ODE):

dZt = v(Zt, t)dt, (1)

where v is a time-dependent velocity field that transforms
samples from a source distribution PZ0

to a target distri-
bution PZ1 . By integrating this ODE from PZ0 , one can
generate samples from PZ1 . Since Eq. 1 may admit mul-
tiple valid solutions, flow matching aims to learn a unique
v that ensures transformations between distributions. Rec-
tified flow [27] defines a class of flow matching based on
linear interpolation as:

Zt = t · Z1 + (1− t) · Z0. (2)

Eq. 2 generates a constant velocity vector field dZt =
(Z1 − Z0)dt. While this provides direct linear paths be-
tween PZ0

and PZ1
, it assumes access to Z1 at all times

t < 1, violating causality and limiting its applicability in
generative modeling. To overcome this limitation, rectified
flow adopts an alternative approach as:

v(Zt, t) = E[Z1 − Z0 | Zt]. (3)

Eq. 3 ensures a well-posed solution to the ODE in Eq. 1.
Notably, solving Eq. 1 with v often approximates the opti-

mal transport map from PZ0
to PZ1

, particularly when ap-
plied iteratively or when the marginals are close to the opti-
mal transport plan [27, 38]. To estimate v, we can train vθ
with the loss criterion as:

min
θ

∫ 1

0

E[||(Z1 − Z0)− vθ(Zt, t)||2]dt. (4)

Rectified flow provides a solid foundation for learning
real-world degradation from real LR images. By mapping
samples from a simple distribution to a target distribution
using causal velocity fields, it effectively models real degra-
dation. This flow process allows us to better approximate
the distribution of real-world degradation in LR images. As
shown in Fig. 2 (a), after obtaining a preliminary real de-
graded LR X̄real in stage 1, we train RFDM as follows:

min
θ

∫ 1

0

E
[
∥(X1 −X0)− vθ(Xt, t)∥2

]
dt, (5)

Xt := t ·X1 + (1− t) ·X0, (6)
X0 := X̄real + λ · n, n ∼ N (0, I), (7)

where λ is a hyper-parameter that controls the Gaussian
noise level. As shown by [2, 33], adding such a noise is crit-
ical when the source and target distributions lie on low and
high dimensional manifolds, respectively. Specifically, it
alleviates the singularities via learning a deterministic map-
ping between such distributions. We employ a UNet [35]



architecture to parameterize the velocity field vθ, and opti-
mize the objective function in Eq. 5 through L2 loss.

As shown in Fig. 2 (b), to synthesize LR-HR pairs that
better reflect realistic degradation, we start from initial LR
images X0 with preliminary real-world degradation derived
from the corresponding HR images. We then numerically
solve the ODE to simulate the degradation process and
obtain realistically degraded LR images. Specifically, we
solve the ODE using the Euler method with K discrete
steps. Starting from the initial state X0, the sample is then
iteratively updated through the following process:

X i+1
K

= X i
K
+

1

K
vθ(X i

K
,
i

K
), i = 0, 1, ...,K − 1. (8)

After K steps, we obtain the final degraded images X1,
which are regarded as pseudo LR images that closely ap-
proximates the real-world degradation.
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Figure 3. Illustration of degradation removal through repeated
up-down sampling operation. PSNR/SSIM evaluation for differ-
ent up-down sampling times for LR images on RealSR [4] and
DRealSR [44] testing datasets.

3.3. Fourier Prior Guided Degradation Module

We observe that after repeated up-down sampling op-
erations, LR images with different degradations transform
into similar degradations. As shown in Fig. 3, we calcu-
late the PSNR and SSIM between real-world degraded LR
(real) images and bilinearly degraded LR (bi) images after
different up-down sampling times. Experimental results on
two real-world SR datasets, RealSR [4] and DRealSR [44],
demonstrate that as the times of up-down sampling in-
creases, both PSNR and SSIM steadily improve, suggest-
ing that the degradations in LR images transforms towards
similarity. Through repeated up-down sampling, we obtain
degradation-transformed LR (DT-LR) images to bridge un-
paired LR and HR images.

Furthermore, to provide additional validation, we com-
pare the visual results of our approach with those produced
by downsampling operation (down-up samping, ↓↑ ×1 in
Fig. 4), as adopted in UDDM [7]. As shown in Fig. 4,
downsampling step leads to significant loss of information
in the LR images, which is observable on both the RealSR

LR (real) LR (real) Í1E $#LR (real) Í5

LR (bilinear) LR (bi) Í1E $#LR (bi) Í5

$#LR (real) Í  10

$#LR (bi) Í 10

(a) Visual result of RealSR testing dataset
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LR (bilinear) LR (bi) Í1E $#LR (bi) Í5

$#LR (real) Í  10

$#LR (bi) Í 10

(b) Visual result of DRealSR testing dataset

Figure 4. Illustration of degradation removal through repeated up-
down sampling operation. Visual results for different sampling
times of LR images on RealSR [4] and DRealSR [44] datasets.

and DRealSR datasets. This information loss inevitably in-
creases the difficulty of accurate restoration and ultimately
limits the performance. In contrast, even after 10 iterations
of up-down sampling, our method preserves considerable
texture and structural information, thereby facilitating the
learning of real-world degradation while still maintaining
richer image details overall.

Phase_A

Phase_BAmplitude_B

Amplitude_A
FFT

FFT

IFFT

IFFT

Figure 5. Illustration of amplitude and phase exchange in the
Fourier domain. Swapping amplitude spectrum while keeping
phase component fixed empirically shows that degradation infor-
mation is predominantly contained in the amplitude.

While repeated up-down sampling helps transform simi-
lar degradations, it inevitably leads to information loss, lim-
iting the effectiveness of RFDM in detailed recovery. To
address this problem, we propose the Fourier Prior Guided
Degradation Module (FGDM) for initial degradation mod-



Method RealSR [4] DRealSR [44]

PSNR↑ SSIM↑ LPIPS↓ FID↓ PSNR↑ SSIM↑ LPIPS↓ FID↓

SwinIR (Real-ESRGAN) 24.395 0.7760 0.3037 119.43 26.944 0.8308 0.3219 139.18
SwinIR (Syn-Real) 25.589 0.7687 0.3835 163.13 28.301 0.8309 0.3801 154.59
SwinIR (UDDM) 26.732 0.7913 0.2652 105.92 29.247 0.8386 0.2709 118.09
SwinIR (Ours) 27.022 0.7981 0.2517 101.83 29.514 0.8409 0.2510 112.11

Real-ESRGAN (Real-ESRGAN) 25.600 0.7587 0.2749 138.94 28.549 0.8043 0.2820 146.94
Real-ESRGAN (Syn-Real) 24.341 0.7370 0.3021 159.44 27.483 0.7899 0.3306 171.89
Real-ESRGAN (UDDM) 26.651 0.7769 0.2061 102.43 29.176 0.8032 0.2645 150.44
Real-ESRGAN (Ours) 27.024 0.7932 0.1915 94.90 29.323 0.8051 0.2412 142.74

StableSR (Real-ESRGAN) 24.629 0.7035 0.3014 133.92 27.846 0.7412 0.3337 152.62
StableSR (Syn-Real) 25.679 0.7302 0.3680 165.62 28.621 0.7952 0.3892 183.45
StableSR (UDDM) 26.820 0.7768 0.2514 128.11 29.678 0.8267 0.2567 140.55
StableSR (Ours) 27.128 0.7798 0.2333 112.45 29.792 0.8313 0.2396 132.17

Table 1. Quantitative comparisons of the SR performance of representative models (trained with distinct data generation methods) on
RealSR and DRealSR datasets. The best results are highlighted in bold.

eling. As shown in Fig. 5, we transform two differently de-
graded LR images using the Fast Fourier Transform (FFT)
to obtain their amplitude and phase spectra. By swapping
their amplitude components and reconstructing the images
via inverse FFT (IFFT), we observe that the degradations
are also exchanged between the LR images. This result in-
dicates that degradation information primarily resides in the
amplitude, while structural information is preserved in the
phase [31, 56]. Building on this Fourier prior, which indi-
cates that the phase retains structural information with mini-
mal influence from degradation, we leverage the phase from
LR images to guide the DT-LR images in learning realistic
degradation and compensating for their information loss.

The structural design of the FGDM is illustrated in
Fig. 2. FGDM first applies the FFT to the DT-LR image
to extract its amplitude and phase components. The am-
plitude component is enhanced via a dedicated Amplitude
Enhancement Network (AENet), which primarily learns re-
alistic degradation patterns from the amplitude, while the
original phase from the LR image is retained to provide
structural guidance and compensate for structural informa-
tion loss in the DT-LR image. The enhanced amplitude and
the guided phase are then combined through IFFT to re-
construct a preliminary LR image exhibiting realistic degra-
dation. Our AENet mainly comprises convolutional lay-
ers and Residual State Space Blocks (RSSB) [13]. RSSB
consists of two residual branches: a LayerNorm–VSSM
branch for long-range dependency modeling and a Layer-
Norm–Conv–Channel Attention branch for local feature en-
hancement, with residual scaling applied to stabilize train-
ing. The channel width of each RSSB is set to 96. During
training, the FGDM is optimized with an L1 loss function,
which enforces pixel-level consistency.

4. Experiments

4.1. Implementation Details and Datasets

Implementation Details. To generate DT-LR images,
we apply bilinear up-down sampling 10 times. The number
of RSSB blocks in AENet is set to 6, and the hyperparame-
ter λ in Eq. 7 is set to 0.1. We train our FGDM and RFDM
with 1,000 epochs using the Adam optimizer [18] (β1=0.9
and β2=0.999). We apply a standard data augmentation
scheme that comprises randomly rotating 90, 180, 270 de-
grees, and horizontally flipping. All experiments are con-
ducted with PyTorch 2.2.1 on NVIDIA RTX 3090 GPUs.

Datasets. For training, we construct unpaired LR-HR
pairs. The HR dataset includes DIV2K [1], Flickr2K [37],
and OutdoorSceneTrain [41], while the LR dataset consists
of training datasets from RealSR [4] and DRealSR [44]. For
testing, we use the corresponding testing datasets of Re-
alSR and DRealSR. To ensure fair comparison, we crop
and evaluate the central region of each image. The reso-
lutions of LR and HR images are 128×128 and 512×512,
respectively. We employ peak signal-to-noise ratio (PSNR),
structural similarity index (SSIM) [43], learned perceptual
image patch similarity (LPIPS) [51] (We use LPIPS-ALEX
by default), and fréchet inception distance (FID) [15] to as-
sess both the fidelity and perceptual quality of SR images.
PSNR and SSIM are computed on the Y channel of the
transformed YCbCr color space, while the other metrics are
evaluated directly on the RGB channels.

4.2. Quantitative Evaluation

To evaluate the effectiveness of our method, we use the
generated synthetic pairs to train several representative SR
models in a supervised setting. For a fair comparison, we
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Figure 6. Qualitative results of SR models trained with different synthetic training pairs on the RealSR and DRealSR datasets.
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Figure 7. Distribution of per-image PSNR gains of our method
compared with UDDM on RealSR and DRealSR.

adopt the same selection of SR architectures as in previous
work [7], including SwinIR [22], Real-ESRGAN [40], and
StableSR [39], which represent transformer-based, GAN-
based, and diffusion-based frameworks, respectively. Ad-
ditionally, we train these SR models using training pairs
generated by other methods, such as Real-ESRGAN [40],
Syn-Real [46], and UDDM [7], to evaluate the impact of
different synthetic training pairs generation methods.

As listed in Tab. 1, the training data synthesized by our
method significantly enhances the performance of SR meth-
ods on real-world datasets. Specifically, across all four
evaluation metrics, our method achieves the highest results.
For example, in terms of PSNR/SSIM, our approach out-
performs UDDM by 0.29 dB/0.0068 and 0.267 dB/0.0023
on the RealSR and DRealSR datasets, respectively. Com-
pared to StableSR, our method surpasses the Syn-Real ap-
proach by 0.1347/53.17 and 0.1496/51.28 for LPIPS/FID
on RealSR and DRealSR datasets, respectively. Besides, as
shown in Fig. 7, we perform a per-image statistical analysis
on the RealSR and DRealSR datasets. The results indicate
that on the RealSR dataset, our method achieves PSNR im-
provements exceeding 0.1 dB over UDDM on 88% of the
test images, while on the DRealSR dataset, 90% of the im-
ages exhibit PSNR gains of more than 0.05 dB. These re-
sults validate the effectiveness of our method in improving
SR performance in real-world scenarios.

4.3. Qualitative Evaluation

To demonstrate the effectiveness of our method in terms
of visual performance, we trained SwinIR on datasets syn-
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Figure 8. User study results on StableSR. The reported values in-
dicate the preference rate of our method against other approaches.

thesized by different methods. We evaluated the perfor-
mance on the RealSR and DRealSR datasets. As shown
in Fig. 6, the first two rows display results on the Re-
alSR dataset, while the last two rows show results on the
DRealSR dataset. We observe that other methods suffer
from structural distortions, especially in character and ar-
chitectural line details, while our method produces fewer
and less noticeable distortions. Regarding complex plant
textures, the performance of other methods is less satis-
factory: Real-ESRGAN introduces numerous artifacts, and
Syn-Real and UDDM generate blurry results. In contrast,
our method generates plant textures much closer to the HR
images. These visual results thus validate the effectiveness
of our proposed approach quite clearly.

Real-ESRGAN Syn-Real UDDM Ours Real LR

Figure 9. Qualitative comparisons for different synthetic LR im-
ages on RealSR and DRealSR datasets.

Besides, we conduct a user study to further assess the
perceptual quality of our method in comparison with other
approaches. In this study, each participant is presented with
a series of image pairs, where one image is generated by
our method and the other by a competing method, and is

asked to choose the one that appears more realistic and vi-
sually pleasing. To ensure fairness, the order of image pre-
sentation is randomized to avoid bias. A total of 347 valid
responses are collected from 54 participants with varying
levels of image processing experience. As shown in Fig. 8,
our method is preferred in 80% of the cases, demonstrating
a clear perceptual advantage over existing methods. These
results further validate the superior visual fidelity and effec-
tiveness of our approach in producing realistic textures and
natural image details.

To further validate the effectiveness of our method, we
conducted a detailed visual comparison of LR images syn-
thesized by different methods from HR images. As shown
in Fig. 9, LR images generated by Real-ESRGAN contain
certain unrealistic noise and artifacts, leading to a notice-
able discrepancy compared with real-world LR images. The
Syn-Real method, on the other hand, suffers from signif-
icant structural distortions. Similarly, UDDM faces chal-
lenges with the loss of structural textures, leading to blurred
details in the synthesized LR images. In contrast, our
method consistently generates LR images that are visually
much closer to the real LR images, preserving both struc-
tural integrity and fine textures. This clearly demonstrates
the superiority of our approach in producing more realistic
LR images compared to prior methods.

FGDM RFDM RealSR DRealSR

PSNR/SSIM PSNR/SSIM

✓ 26.395/0.7784 28.752/0.8263
✓ 26.431/0.7791 28.761/0.8277

✓ ✓ 27.022/0.7981 29.514/0.8409

Table 2. Ablation study of FGDM and RFDM using the SwinIR
method, with evaluation on RealSR and DRealSR.

4.4. Ablation Study

Effectiveness of FGDM and RFDM. To assess the ef-
fectiveness of the proposed FGDM and RFDM modules,
we conduct ablation experiments, as listed in Tab. 2. When
FGDM is used alone, it can only learn preliminary real-
world degradation by leveraging Fourier priors to guide the
degradation modeling. However, the synthesized training
data still deviate from real degradation, leading to subopti-
mal performance. When RFDM is applied independently,
although it achieves better results than FGDM, the model
still struggles to reconstruct accurate details due to the lack
of structural information in the DT-LR images. When the
two modules are combined, the model attains the best per-
formance. This result demonstrates that FGDM and RFDM
are complementary and jointly contribute to improved re-
construction quality in a synergistic manner.
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Figure 10. Ablation study of λ and flow steps K in RFDM. Testing
on RealSR and DRealSR datasets using SwinIR.

About λ in RFDM. We further analyze the influence of
the noise injection ratio λ in the RFDM module by varying
its value across a range of settings. As depicted in Fig. 10,
when λ = 0, no noise is introduced during the degradation
rectification process, causing the rectified flow to degen-
erate into a deterministic mapping and thus bringing only
marginal improvement. As λ increases, the injected noise
encourages the model to explore a wider degradation space,
which facilitates better flow refinement and enhances re-
construction performance. However, when λ exceeds 0.1,
excessive noise leads to unstable flow estimation and no-
ticeable image distortion, ultimately degrading the PSNR.
Therefore, we set λ = 0.1 in our experiments to achieve a
balanced trade-off between effectiveness and stability.
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Figure 11. Ablation study of flow steps K in RFDM. Testing on
RealSR and DRealSR datasets using SwinIR.

About flow steps K in RFDM. To investigate the influ-
ence of the flow step number K in the ODE-based degra-
dation process during inference, we conduct experiments
using the SwinIR backbone under different K settings. As
illustrated in Fig. 11, the PSNR consistently improves as
K increases on both testing datasets, indicating that a larger
number of flow steps allows the model to perform a finer ap-
proximation of the degradation trajectory and thus capture
more realistic degradation characteristics. However, when
K exceeds 20, the performance gain becomes marginal
while the computational cost continues to rise. Therefore,
we fix K = 20 in all subsequent experiments to achieve a
good and practical trade-off between reconstruction accu-
racy and inference efficiency for our model.
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Figure 12. About different sampling methods, we first generate LR
images and then perform different numbers of up-down sampling
operations on both generated LR images and real LR images. Fi-
nally, we calculate the PSNR/SSIM.

About DT-LR images. To investigate the impact of dif-
ferent sampling strategies, we use three common methods:
Bicubic, Bilinear, and Lanczos. First, we select a sampling
strategy to generate LR images, then apply a different num-
ber of up-down sampling operations on both the generated
LR images and the real LR images. Finally, we calculate
the PSNR/SSIM between the two sets of images. As shown
in Fig. 12, the results on the RealSR and DRealSR datasets
reveal that with Lanczos, PSNR and SSIM initially improve
with increasing up-down sampling operations, but quickly
decline. In contrast, Bicubic shows slow improvement in
PSNR and SSIM, without reaching the desired peak. This
suggests that Lanczos and Bicubic cannot effectively trans-
form LR images with different degradations into similar
degradations. Bilinear, however, best meets our require-
ments. After only a few up-down sampling operations, the
degradation of LR images gradually becomes consistent.
Although PSNR and SSIM improve with more operations,
LR information loss becomes significant. We selected 10
operations, balancing texture preservation and bridging un-
paired LR and HR images.

To further validate the effectiveness of the proposed DT-
LR image selection, we provide visual comparisons un-
der different downsampling schemes. As illustrated in
Fig. 13 (a), the Bicubic method fails to maintain degrada-
tion consistency across LR images when the number of up-
down sampling operations increases. In contrast, Fig. 13
(c) shows that the Lanczos kernel introduces pronounced
ringing artifacts, and the discrepancy between real LR im-
ages and Lanczos-downsampled ones becomes more evi-
dent as the number of operations grows, thereby violating
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Figure 13. Visual comparison of LR images generated under dif-
ferent sampling strategies.

the degradation consistency requirement. Most importantly,
Fig. 13 (b) reveals that our proposed method effectively pre-
serves structural consistency even with an increasing num-
ber of up-down sampling operations, whereas alternative
approaches suffer from significant LR information loss. We
selected 10 operations, balancing texture preservation and
bridging unpaired LR and HR images.

Method RealSR DRealSR

PSNR/SSIM PSNR/SSIM

FGDM (w/o FP) 26.712/0.7891 29.211/0.8335
FGDM (with FP) 27.022/0.7981 29.514/0.8409

Table 3. Ablation study of Fourier prior (FP) in FGDM using
SwinIR method, with evaluation on RealSR and DRealSR.

About Fourier prior in FGDM. To verify the effec-
tiveness of the Fourier prior, we conduct ablation experi-
ments as presented in Tab. 3. In this experiment, we remove
the Fourier prior from FGDM, where the DT-LR images
are directly learned from the real LR images in the spatial
domain without any frequency-domain guidance. The re-
sults demonstrate that incorporating the Fourier prior (FP)
in FGDM significantly improves performance on both the
RealSR and DRealSR datasets. Specifically, FGDM with
FP achieves 27.022/0.7981 and 29.514/0.8409 in terms of
PSNR/SSIM on RealSR and DRealSR, respectively, outper-
forming the variant without FP. This performance gap indi-
cates that the absence of phase-related priors leads to severe
loss of structural information in DT-LR images, making the
degradation learning process more difficult. By contrast,
the Fourier prior provides explicit phase guidance, which
helps preserve structural integrity and facilitates more ac-
curate degradation modeling. These results highlight the
crucial role of Fourier priors in enhancing both the repre-
sentational capacity and the robustness of FGDM.

Method Parm. FLOPS Runtime

Syn-Real [46] 120.7M 2491G 2.112s
UDDM [7] 135.4M 2523G 2.443s

FGDM 953K 114G 0.612s
RFDM 68.3M 1562G 1.441s

FGDM + RFDM 69.4M 1676G 1.947s

Table 4. Ablation study of model complexity.

About model complexity. As shown in Tab. 4, FGDM is
highly lightweight, containing only 953K parameters with
114G FLOPs and a runtime of 0.612s. RFDM accounts
for most of the model complexity (68.3M parameters and
1562G FLOPs), which is expected since it is responsible
for modeling complex real-world degradations via Rectified
Flow. Nevertheless, when combining FGDM and RFDM,
it remains more efficient than prior degradation modeling
methods such as Syn-Real and UDDM.

Number RealSR DRealSR

PSNR/SSIM PSNR/SSIM

5 26.807/0.7935 29.331/0.8361
10 27.022/0.7981 29.514/0.8409
15 26.916/0.7964 29.482/0.8381
20 26.893/0.7940 29.355/0.8373

Table 5. Ablation study of number of up-down sampling opera-
tions of DT-LR images.

Number of up-down Sampling Operations. To fur-
ther analyze the impact of the number of up-down sam-



pling operations (using the bilinear interpolation), we con-
duct controlled experiments with varying operation counts
of 5, 10, 15, and 20. SwinIR is adopted as the baseline
SR model, and evaluations are performed on both the Re-
alSR and DRealSR testing datasets. As reported in Tab. 5,
when the number of operations is relatively small (e.g., 5),
the degradation of the generated LR images does not suf-
ficiently align with that of real LR images. This misalign-
ment leads to weaker regional consistency and suboptimal
performance. Conversely, an excessive number of opera-
tions (e.g., 15 or 20) results in substantial information loss
and structural degradation in the LR images, compromis-
ing the fidelity and representativeness of the synthetic data.
Among all configurations, the setting with 10 up-down sam-
pling operations yields the best balance between degrada-
tion alignment and information preservation, thereby effec-
tively and simultaneously enhancing both reconstruction ac-
curacy and visual realism.

Distribution visualization of different LR images
Real-ESRGAN
Syn-Real
UDDM
Ours
Real-world LR

Figure 14. A visualization study on the statistical distribution of
different synthetic LR images.

Distribution Analysis of Synthetic LR Images. Fig. 14
visualizes the t-SNE distributions of LR images generated
by different methods and real-world LR images. Compared
with Real-ESRGAN, Syn-Real, and UDDM, whose synthe-
sized LR images exhibit noticeable distribution shifts, our
method shows a much closer alignment and greater overlap
with the real-world LR distribution. This indicates that our
degradation modeling strategy better captures the statistical
characteristics of real degradations, which helps explain the
improved reconstruction performance.

5. Limitation

The first limitation of our method lies in its reliance on
unpaired LR-HR images for training, while confronting a
substantial data imbalance between the two domains. For
HR images, we employ DIV2K (800 images), Flickr2K
(2,560 images), and OutdoorSceneTraining (10,324 im-

ages). In contrast, the LR images are derived from
real-world datasets, primarily RealSR (495 images) and
DRealSR (840 images). This pronounced discrepancy leads
to a significant shortage of LR data, which restricts the di-
versity of degradation patterns and scene coverage, thereby
constraining the overall quality of our synthesized training
pairs. It is important to note that scarcity of real-world data
constitutes a common challenge in the SR field [5, 25]. Ef-
fectively addressing this limitation will constitute a central
direction for our future work.

The second limitation concerns the generation process
of DT-LR images. In our approach, we conduct an ex-
tensive experimental exploration of various combinations
of sampling methods, scaling factors, and sampling counts
through manual trial and error, which is both highly time-
consuming and computationally demanding. Although the
current strategy for producing DT-LR images may not rep-
resent the theoretically optimal solution, it has been em-
pirically validated to outperform the methods employed in
UDDM [7] and Syn-Real [46] in effectively bridging LR
images with diverse degradations. In future work, we aim to
establish a more efficient and principled framework for gen-
erating idealized DT-LR images, thereby providing a more
robust and effective solution to the challenges encountered
in real-world SR scenarios.

6. Conclusion

In this paper, we propose an unsupervised real-world im-
age super-resolution via rectified flow degradation model-
ing, synthesizing LR-HR training pairs with realistic degra-
dation. Our approach introduces two key modules: the Rec-
tified Flow Degradation Module (RFDM) and the Fourier
Prior Guided Degradation Module (FGDM). RFDM cap-
tures real-world degradation by modeling the degradation
trajectory continuously and invertibly, using degradation-
transformed LR (DT-LR) images as intermediaries to bridge
unpaired LR-HR pairs. Meanwhile, FGDM leverages the
structural information embedded in Fourier phase compo-
nents to ensure a more precise degradation modeling. By
utilizing both modules, we generate synthetic LR images
that closely resemble real-world degradation, which are
then paired with HR images for training the off-the-shelf
SR network. Extensive experiments on diverse real-world
datasets show that our method offers a robust and promis-
ing solution for enhancing SR performance in challenging
real-world applications.
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