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Abstract

Synthetic Aperture Radar (SAR) image super-resolution
(SR) remains challenging due to the low spatial resolu-
tion of SAR observations and the presence of severe speckle
noise. Unlike natural images, SAR imagery often exhibits
a substantial domain gap between low-resolution (LR) and
high-resolution (HR) data, arising from sensor-dependent
imaging characteristics, resolution differences, and com-
plex degradation processes that are difficult to model ex-
plicitly. Since real paired LR-HR SAR data are rarely avail-
able, existing SAR SR methods commonly rely on prede-
fined synthetic degradation operators, which can limit their
generalization to real LR data acquired from different sen-
sors. In this paper, we propose a two-stage SAR image SR
framework based on Latent Diffusion Models (LDMs), de-
signed to reconstruct realistic HR SAR images under practi-
cal settings. To alleviate the domain gap caused by the lack
of paired LR-HR data, we incorporate a Blind-Spot Net-
work (BSN) during the LR-to-HR reconstruction process.
The proposed framework separately restores structural de-
tails and speckle noise in two distinct stages, leveraging
the strong generative power of LDMs to produce realistic
speckle patterns. In addition, we propose a new evaluation
strategy based on Fréchet Wavelet Distance (FWD) to as-
sess the similarity between restored images and real HR
SAR datasets from both structural and speckle perspectives.
Extensive experiments demonstrate that the proposed two-
stage framework yields outputs more similar to real SAR
data than a single-stage approach, and validate the effec-
tiveness of the proposed metric.

1. Introduction

Synthetic Aperture Radar (SAR) imagery offers the unique
advantage of all-weather, day-and-night observation, ow-
ing to its active sensing nature and the physical proper-
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ties of microwaves, which allow penetration through clouds
and thin surface obstructions. These properties make SAR
data useful for many remote sensing applications, includ-
ing object detection [16, 23] and terrain classification [36].
However, SAR images remain difficult to interpret be-
cause they often exhibit low spatial resolution and severe
speckle noise, which can degrade both visual interpretation
and downstream recognition performance. To mitigate these
limitations, recent studies have explored both SAR image
super-resolution (SAR SR) [8, 24, 37] and speckle suppres-
sion [17, 21, 27].

Compared with despeckling (hereafter, denoising for
clarity), SAR SR has received relatively limited attention.
The practical goal of SAR SR is to reconstruct real high-
resolution (HR) SAR images from real low-resolution (LR)
inputs while preserving not only structural information but
also realistic speckle characteristics. In practice, this re-
mains difficult because paired LR-HR SAR data are rarely
available. As a result, many existing approaches rely on syn-
thetic LR images generated by bicubic downsampling or
train denoising models with gamma-distributed noise (here-
after, gamma noise). Yet speckle statistics depend on imag-
ing conditions such as band, polarization, and terrain ge-
ometry, so generic synthetic degradation often fails to re-
flect real SAR observations. In this sense, realistic SAR SR
is constrained by three closely related challenges: severe
speckle noise, complex and poorly understood degradation,
and limited evaluation metrics.

First, unlike EO imagery, where textures and structures
often reflect underlying terrain or object boundaries, SAR
images are dominated by high-frequency speckle patterns
that persist across diverse land-cover types. As illustrated in
Figure 1-(b) and (c), the Sentinel-2 image exhibits relatively
smooth and interpretable patterns, whereas the correspond-
ing Sentinel-1 image is visually dominated by speckle. In
the context of SR, such speckle noise becomes part of the
learning target. As the resolution gap increases, this can lead
to unstable training dynamics and degraded reconstruction
fidelity.
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Figure 1. Visual comparison of natural, EO, and SAR images. Un-
like optical images, SAR images contain weaker structural cues
and are dominated by speckle across the scene.

Second, the degradation relationship between LR and
HR SAR data remains poorly understood and is often
sensor-dependent. In the natural image domain, Real-
ESRGAN [29] showed that carefully designed synthetic
degradation pipelines can substantially improve real-world
SR, even without real paired LR-HR data. However, its
degradation model is tailored to natural-image artifacts such
as blur, noise, and compression, rather than SAR-specific
imaging effects. Likewise, recent SAR studies often approx-
imate degradation with bicubic downsampling and simu-
lated gamma noise, but such simplifications do not capture
the full physical variability of SAR acquisition. Bridging
the domain gap between different SAR sensors or acquisi-
tion modes therefore remains a central challenge for realis-
tic SAR SR.

Third, evaluation is itself difficult. A super-resolved SAR
image should resemble real HR SAR not only in structure
but also in speckle characteristics. However, most existing
evaluation metrics in SAR restoration do not fully capture
quality or distributional realism. PSNR, a common SR met-
ric, is closely tied to mean squared error and therefore tends
to favor overly smooth outputs. As a result, outputs with
weaker speckle may receive better scores even when they
are less faithful to the real SAR distribution. Visual inspec-
tion is often used as a complementary tool, but it is sub-
jective and does not provide a reliable quantitative basis for
comparing methods.

In this paper, we propose a two-stage enhancement

framework based on Latent Diffusion Models (LDMs) [22]
to reconstruct realistic HR SAR images from real LR in-
puts. This two-stage design enables the recovery of fine
speckle patterns that are difficult to reconstruct in a single
step. Given the complexity of the degradation process, we
introduce a blind-spot network (BSN) [11, 35]-based de-
noiser to simplify the reconstruction. The denoised output
from the denoiser serves as a bridge between the real LR
SAR inputs and the HR targets, helping the LDM focus on
restoring high-frequency speckle characteristics. We further
introduce an evaluation strategy based on Fréchet Wavelet
Distance (FWD) [25], which measures similarity to real HR
SAR data from both structural and speckle perspectives by
separating low- and high-frequency components through a
Haar wavelet transform.
Our contributions can be summarized as follows:

* We propose a two-stage SAR SR framework that sepa-
rately restores structure and speckle while leveraging a
BSN to bridge the LR-HR domain gap.

* We introduce an FWD-based evaluation strategy to assess
both structural similarity and speckle realism with respect
to real SAR data.

» Extensive experiments show that the proposed two-stage
approach produces outputs closer to real HR SAR im-
agery than single-stage baselines, both quantitatively and
qualitatively.

2. Related works

2.1. SAR image restoration

SAR denoising has long relied on spatial filters [0, 12, 14]
and wavelet-based methods [4, 30], which often trade
speckle suppression against structural preservation. Re-
cent approaches increasingly use deep networks, includ-
ing CNN-based denoising [27], diffusion-based restora-
tion [21], attention-based models [17], and joint denoising-
SR frameworks [24].

SAR SR has received less attention than denoising. Early
work applied FSRCNN to MSTAR [5, 18], while later
methods introduced two-stage GAN-based restoration [8],
complex-valued SR [1], optics-guided joint SR and denois-
ing [37], and unified despeckling-SR frameworks [24]. De-
spite this progress, most SAR SR methods still rely on syn-
thetic low-quality data generated by predefined degrada-
tion processes such as bicubic downsampling and simulated
speckle injection [8, 24, 37]. As a result, realistic cross-
sensor SAR SR under unknown or weakly paired LR-HR
settings remains relatively less studied.

2.2. Evaluation metrics

Quantitative evaluation is difficult in SAR denoising and SR
because clean SAR images or perfectly aligned real HR ref-
erences are rarely available. As a result, many studies rely
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Figure 2. (a) Overview of the proposed framework. (b) Denoised SAR images can serve as an effective bridge between datasets exhibiting
different speckle characteristics. (c) The denoising output of the BSN-based denoiser.

on synthetic test data and distortion-based metrics. PSNR
is widely used, but it often favors overly smooth outputs
and does not necessarily reflect perceptual quality [3, 13].
ENL is also common for denoising without ground truth,
yet it may reward oversmoothing and does not fully capture
structural preservation [7, 32].

Recent restoration work has also adopted no-reference
image quality assessment metrics such as MUSIQ [10],
MANIQA [31], and CLIP-IQA [26]. However, these met-
rics are largely designed for natural images and may not
reliably reflect SAR structure and speckle. This motivates
evaluation strategies that separately assess structural fidelity
and speckle realism. In this work, we build on Fréchet
Wavelet Distance (FWD) [25] and adapt it to SAR eval-
uation through wavelet-based separation of structural and
speckle components.

3. Method

3.1. Proposed framework

Our framework consists of an SR network for stage 1, a de-
noising network, and a latent diffusion model (LDM) for
stage 2. Inference is performed in two steps: structure en-
hancement followed by speckle enhancement. An overview
is shown in Figure 2-(a).

3.1.1. Stage 1. Structure enhancement stage

The first stage restores the structural information of LR
SAR images using a backbone SR network. We train this
stage in a supervised manner with HR-LR pairs generated

by a predefined degradation process. Since the real degra-
dation between LR and HR SAR data is difficult to model
accurately, we do not attempt to reproduce the full sensor
gap. Instead, we apply a moderate synthetic degradation so
that the network focuses on recovering HR-consistent struc-
tures. Given the Sentinel resolution gap considered in this
work, LR inputs often appear strongly blurred. We therefore
adopt a blur-based degradation module with diverse kernels
and stochastic operations, following the strategy of Real-
ESRGAN [29]. The training objective is

Lsr = Lrec + Agan - Laan +Arpr - Lrpr (1)

where L,.. is an L1 reconstruction loss. Since L1 alone
tends to produce oversmoothed outputs, we additionally use
a GAN loss to sharpen structures and a frequency distribu-
tion loss (FDL) [20] to encourage consistency in the fre-
quency domain. In our experiments, the loss weights are
empirically set to Agay = 1073 and Appy, = 1072,

3.1.2. Stage 2. Speckle enhancement stage

The second stage uses an LDM to restore realistic HR
speckle characteristics. Directly learning an LR-to-HR
mapping without paired data is highly challenging due to
the differences between real LR inputs and HR targets in
both structural detail and speckle statistics. To mitigate this
issue, we adopt a blind-spot denoising network (BSN) [11]
to generate clean SAR images, which helps bridge the do-
main gap between LR and HR SAR images (see Fig. 2-(b)).
Recent advances in BSN-based self-supervised denoising
networks have demonstrated effective performance without
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Figure 3. Wavelet-based analysis used for SAR evaluation: (a) Haar wavelet decomposition, (b) low- and high-frequency packets, and (c)
controlled failure cases with their effects on FWD-Structure and FWD-Speckle.

requiring ground truth [11, 19, 35]. We empirically validate
that applying MM-BSN [35] to SAR data can effectively
suppress speckle noise (as shown in Fig. 2-(c)).

The LDM contains two autoencoders, AEn() =
wn(en(+)) for noisy SAR data and AE:(-) = pc(ec(-))
for clean SAR data, together with a denoising U-Net €g.
The model learns the conditional distribution p(z %[z HR)
where ey (IF) = 2IIF and ec(IEE) = 2HE are the
noisy and clean HR latent codes. Specifically, a noisy HR
image IH% € R>H*W and a clean HR image IH® €
RVHXW are mapped to 2iIF € R6* 45X and 28R €
R3O T X% respectively. We found that a 6-channel latent
space for noisy SAR data is beneficial for modeling realis-
tic speckle. The denoising U-Net is trained with

s
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to recover 2K from its noisy version 25 conditioned on
28", During inference, 28 is replaced with the latent em-

bedding of the stage 1 output, denoted by z2~.

3.2. Data preprocessing

SAR images contain 16-bit intensity values that reflect sur-
face backscatter. Because both intensity distributions and
speckle statistics vary across land-cover types, preserving
the global intensity range helps the generative model cap-
ture land-cover-dependent speckle more faithfully. Patch-
wise normalization can remove relative intensity differences
across samples and distort the dataset-level distribution. We
therefore normalize all data using global min-max values
computed over the entire dataset. To reduce the effect of ex-
treme outliers, pixel intensities are clipped to the 1st and
99th percentiles before normalization.

3.3. Evaluation

We build our evaluation on Fréchet Wavelet Distance
(FWD), a domain-agnostic metric based on Haar wavelet
decomposition. Haar wavelets separate an image into low-
and high-frequency components across multiple levels,
which is useful for disentangling structural content from
speckle-like high-frequency patterns in SAR images. As
illustrated in Figure 3-(b), low-frequency packets primar-
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Figure 4. Qualitative results of the proposed framework on real LR SAR images. The stage 1 output restores fine structural details from the

LR input, while the stage 2 output further recovers fine speckle details.

ily capture structure with reduced speckle, whereas high-
frequency packets predominantly encode speckle character-
istics. We therefore define FWD-Structure as the Fréchet
Distance computed on the level-4 low-frequency packet (the
‘aaaa’ packet) and FWD-Speckle as the Fréchet Distance
computed on the remaining high-frequency packets. These
two variants allow us to assess structural fidelity and speckle
realism separately with respect to the real HR SAR dataset.
To sanity-check this metric, we evaluate FWD-Structure
and FWD-Speckle under controlled failure cases (Figure 3-
(c)). Specifically, we compare two sets of 15,000 randomly
sampled real SAR images while applying degradations of
varying intensity to one set. Gaussian noise largely per-
turbs speckle while preserving structure. CutMix [33] in-
troduces strong structural distortion by replacing random
regions between samples, while black rectangles severely
degrade both structure and speckle. These cases help illus-

trate that the two metrics respond differently to structural
and speckle perturbations.

4. Experiments

4.1. Implementation details

4.1.1. Dataset

The dataset used in our experiments consists of dual-
polarized (VV/VH) C-band SAR images acquired by
Sentinel-1 and accessed through ASF Data Search [2]. To
simplify the task, we use only the VV polarization and re-
strict the data to descending orbits. Sentinel-1 provides mul-
tiple acquisition modes with different spatial resolutions; in
this work, we treat Interferometric Wide (IW) mode images
as the HR domain and Extra Wide (EW) mode images as the
LR domain. For training, only IW-mode images are used,



Table 1. FWD comparison across different SR networks with and
without stage 2. Inference was performed on real LR SAR images,
and FWD scores were measured against real HR images for each
stage output.

FWD-Structure | FWD-Speckle |

Bicubic 199.44 10262.47
ESRGAN  186.99 109.19
+stage2  176.60 103.97
Restormer 190.13 211.21
+stage2  178.29 99.19
DRCT 215.61 440.42
+stage 2 205.03 284.69

while inference is performed on EW-mode images. A to-
tal of 64 scenes covering diverse land-cover types were se-
lected. From these, we extracted 135,406 non-overlapping
patches of size 512x512, which were used for training and
validation in both stage 1 and stage 2. The test set com-
prises EW-mode images from the Japan region, which does
not overlap with the training data.

4.1.2. Models

For stage 1, we trained multiple SR backbones, including
ESRGAN [28], Restormer [34], and DRCT [9], to com-
pare performance under identical conditions. All models
were trained using the Adam optimizer with a learning rate
of 0.0001, a batch size of 4, and a total of 400,000 iter-
ations. The denoiser that bridges stage 1 and stage 2 is
MM-BSN [35], an enhanced variant of AP-BSN [15] that
introduces a multi-mask strategy to further disrupt spatial
noise correlation. In our experiments, we use a combina-
tion of masks including “o0”, “r”, “c”, “a45”, and “al35”.
For stage 2, we adopt an LDM built on a KL-regularized
autoencoder, and incorporated a hybrid conditioning mech-
anism to provide strong guidance during the denoising dif-
fusion process. We adopt the LDM training configuration
from the original implementation [22].

4.2. Qualitative results

Figure 4 presents the qualitative results produced by our
proposed framework. Since the test samples are collected
from real-world SAR data, no perfectly aligned ground-
truth images are available for direct comparison (leftmost
column in Figure 4). From the results, we observe that
the stage 1 model successfully reconstructs fine structural
details. However, due to the limited diversity of synthetic
degradation used during training, the SR network in stage
1 struggles to recover realistic speckle textures. In contrast,
the stage 2 outputs preserve the structural content recon-
structed in stage 1 while recovering detailed speckle char-
acteristics more effectively.

Table 2. Quantitative results on 1,000 randomly selected synthetic
test samples. For stage 2, multiple outputs are generated for each
input, and the table reports the quantitative results for each sam-
pled output, as well as for the averaged image across the four gen-
erated samples.

PSNR SSIM
Stage 1 23.4196 0.4389
Sample 1 225012  0.3676
Sample 2 22.4960 0.3673
Stage 2 Sample 3 225012  0.3676
Sample 4 22,4965 0.3674
Mean of samples  24.0388  0.4580

4.3. Quantitative results

Table | presents the FWD-based evaluation results for var-
ious SR backbones and the outputs after applying stage 2.
Bicubic upsampling produces overly smooth outputs with
little realistic speckle content, which is reflected in particu-
larly large FWD-Speckle. Compared with bicubic interpo-
lation, most of SR backbones improve FWD-Structure and
also reduces FWD-Speckle, suggesting a smaller distribu-
tion gap to real HR SAR data. Notably, applying stage 2
further reduces both metrics across all backbones, indicat-
ing that the second stage improves speckle realism while
maintaining or refining the structural content restored by
stage 1.

Table 2 shows quantitative results on 1,000 synthetic test
samples generated by downsampling real HR SAR images
and applying the same blur degradation used during train-
ing. For each input, stage 1 produces a single determinis-
tic output, whereas stage 2 produces multiple sampled out-
puts. Each sampled output is evaluated individually. We also
compute a pixel-wise average across the four stage 2 outputs
and evaluate the resulting smoothed image using PSNR and
SSIM. Although the stage 1 output achieves higher PSNR
and SSIM than each individual stage 2 sample, the averaged
stage 2 output yields even higher scores. This observation
is consistent with the tendency of PSNR and SSIM to favor
smoother reconstructions, even when such smoothing may
suppress high-frequency speckle details.

4.4. Limitations

While the proposed framework demonstrates improved re-
alism in SAR image SR, it exhibits strong dependence on
the performance of the first-stage network. Enhancing the
structure restoration stage is therefore crucial, and its im-
provement can directly boost the effectiveness of the entire
framework. Finally, since the framework is based on dif-
fusion models, it incurs considerable computational costs
when applied to large-scale satellite imagery, which may
limit its practicality in some operational settings.



5. Conclusion

We presented a two-stage framework for realistic SAR
image super-resolution that separates structural restoration
from speckle enhancement. The first stage recovers HR-
consistent structure, and the second stage uses an LDM
guided by a BSN-based bridge to restore realistic speckle
patterns. We also introduced an FWD-based evaluation
strategy that measures similarity to real HR SAR data
from structural and speckle perspectives. Experiments on
Sentinel-1 data show that the proposed two-stage design
produces outputs more similar to real HR SAR data than
the corresponding stage-1 outputs.
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