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1. Overview
This supplementary material provides comprehensive de-
tails for the proposed SARMAE framework and the con-
structed SAR-1M dataset. These details were omitted from
the main paper due to space constraints. The supplementary
material is organized as follows:
• Section 2. Detailed composition and statistics of SAR-

1M dataset;
• Section 3. Implementation details of Speckle-Aware Rep-

resentation Enhancement (SARE);
• Section 7. Fine-tuning configurations for downstream

tasks;
• Section 8. Extended visualization results;
• Section 9. Datasheet for SAR-1M.

2. Details for SAR-1M.
SAR-1M aggregates 18 publicly available SAR datasets,
encompassing diverse imaging conditions, geographic lo-
cations, and task scenarios. Images in RSAR are the same
in SAR-Det100k. Tab. 1 presents the detailed breakdown of
each source dataset, including the image quantity, task type,
image size, target type and spatial resolution. Datasets with
paired SAR&OPT images are indicated in the last column,
comprising 1,042,156 pairs in total.

SAR-1M encompasses 57 distinct categories, covering a
diverse range of scene types. These categories span mar-
itime objects, aerial targets, ground vehicles, infrastructure
elements, land cover types, and event-related scenes, with
visualizations of different scenarios, either SAR images or
SAR–optical paired images, shown in Fig. 1-2.

*Equal contributions.
†Corresponding authors.

Figure 1. Various categories in SAR-1M.

SAR-1M employs hash-based deduplication to eliminate
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Table 1. Detailed composition of SAR-1M dataset.

Dataset Year Tasks Imgs. Img. Size (px) Targets (Cls.) Res. (m) Modality

MSTAR[3] 1995 Cls. 14,577 128∼193 10 0.3 SAR
OpenSARShip[7] 2017 Cls. 26,679 9∼445 14 2.3∼17.4 SAR
SEN1-2[11] 2018 Det./Seg. 282,384 256 / 10 SAR&OPT
SAR-Ship[14] 2019 Det. 39,729 256 1 3∼25 SAR
FUSAR-ship[6] 2020 Cls. 5,243 512 10 / SAR
HRSID[16] 2020 Det./Seg. 89,664 256 1 0.5∼3 SAR
SSDD[19] 2021 Det. 1,160 214∼668 1 1∼15 SAR
SADD[18] 2022 Det. 2,966 224 1 0.5∼3 SAR
MSAR[2] 2022 Det. 28,499 256∼2048 4 1 SAR
SAR-AIRcraft[15] 2023 Det. 18,818 512 7 1 SAR
SIVED[9] 2023 Det. 1,044 512 1 0.1∼0.3 SAR
OGSOD[22] 2023 Det./Seg. 22,366 256 3 3 SAR
SAR-Det100k[8] 2024 Det. 94,493 512 6 0.5∼25 SAR
RSAR[20] 2025 Det. / 512 6 0.5∼25 SAR
M4 SAR[13] 2025 Det. 448,696 256 6 10,60 SAR&OPT
Bright[1] 2025 Seg. 149,872 256 3 0.3∼1 SAR&OPT
OpenEarthMap[17] 2025 Seg. 80,544 256 8 0.15∼0.5 SAR&OPT
AIR-PolSAR-Seg[23] 2025 Det./Seg. 6,168 512 6 8 SAR

SAR-1M 2025 Cls./Det./Seg. 1,312,902 9∼2048 57 0.1∼60 SAR&OPT

Figure 2. Diverse scenes with SAR-OPT pairs in SAR-1M.

any potential overlap with the test sets of the downstream
datasets used in the main paper. Even when trained on only
30% of SAR-1M (Tab. 2), SARMAE-S still outperforms
SUMMIT, demonstrating both the stronger capacity of our
model and the benefits brought by increased data scale.

3. Implementation Details of SARE

To enable the model to learn noise-aware representations
while preserving its ability to reconstruct clean SAR im-
agery, we implement SARE through a carefully designed
noise injection strategy during pretraining. Unlike conven-
tional denoising approaches that process all samples uni-

formly, we adopt a probabilistic augmentation scheme in
which each training iteration carries a 50% chance of ap-
plying synthetic noise corruption to the input. This dynamic
sampling mechanism allows the encoder to simultaneously
learn to reconstruct clean SAR content and to handle diverse
noise characteristics.

When an image is selected for augmentation, one of four
physically motivated noise models is randomly chosen and
applied.

The first category is additive Gaussian noise, which sim-
ulates random interference and is defined as:

x′(i, j) = x(i, j) +N (0, σ2), (1)

where σ is randomly sampled from the range [0.0, 0.5] to
represent different noise levels.

The second category introduces multiplicative Rayleigh
noise, which models the amplitude statistics of single-look
SAR data:

x′(i, j) = x(i, j) · R(σ), (2)

where R(σ) denotes a Rayleigh-distributed random vari-
able with scale parameter σ sampled from [0.0, 0.5].

The third noise type is Gamma-distributed multiplicative
noise, representing the multi-look SAR intensity formation
described in Eq.1 of the main text:

x′(i, j) ∼ Gamma(Lsyn, x(i, j)/Lsyn), (3)

where the synthetic look number Lsyn is randomly selected
from 1, 2, 3, 4 to yield varying noise intensity levels.



Figure 3. Images of different resolutions in SAR-1M.

Table 2. Comparison of performance across different datasets. All models adopt ViT-B as the backbone.

Model Dataset Dataset Scale FUSAR 30% [6] SAR-ACD [21]

SUMMIT [4] MuSID 560k 71.91 84.25
SARMAE-S SAR-1M(30%) 300k 88.27 93.76
SARMAE SAR-1M 1000k 92.92 95.06

The fourth category is additive uniform noise, which
simulates sensor-induced perturbations. It is formulated as:

x′(i, j) = x(i, j) + U(−α, α), (4)

where U(−α, α) denotes a uniform random variable drawn
from the interval [−α, α], and α is randomly sampled from
[0.0, 0.5] to control the perturbation magnitude.

Each chosen noise model further samples its related hy-
perparameters from the corresponding ranges, ensuring di-
verse corruption patterns both across iterations and within
each training batch.

During training, if augmentation is applied, the cor-
rupted image x′ is masked and encoded following the MAE
protocol, while the reconstruction target remains the orig-
inal clean patch x. This formulation compels the encoder
to map noisy, incomplete inputs back to clean and com-
plete scene content. For iterations where augmentation is
skipped, standard MAE reconstruction is performed with-
out synthetic noise. This probabilistic dual-mode training
paradigm enables SARMAE to learn noise-robust and se-
mantically rich representations without compromising re-
construction quality or training stability.

Pretraining with pseudo-clean targets generated by SAR
denoisers (LEE, BM3D, FROST) yields suboptimal classi-
fication accuracy (Tab. 3), as such targets often distort se-
mantic structures. SARE learns to adaptively model com-
plex SAR noise and capture task-relevant representations.
As shown in Tab. 4, SARE outperforms both standard
MAE and Gaussian denoising baselines. These results pro-
vide strong evidence that physics-driven noise modeling in
SARE offers more robust SAR representations than stan-

dard augmentation strategies.

Table 3. Classification accuracy by pretraining on varied denoiser.

Denoiser None LEE BM3D FROST

MSTAR [3] 90.66 77.81 82.16 76.30

4. Implementation Details of SARC
We exclude optical images with cloud cover ≥ 20% to en-
sure data quality. To avoid over-regularization from the op-
tical modality, SARC is assigned a low loss weight (λ =
0.1), and additional unpaired SAR samples (0.3M) are in-
corporated to preserve feature autonomy in the SAR branch.
As shown in Tab. 4, replacing SARC with contrastive loss
leads to performance degradation, likely because speckle
noise in SAR imagery makes negative pairs highly unreli-
able and interferes with stable feature alignment. In con-
trast, cosine similarity focuses on aligning positive pairs
without aggressive repulsion, which is more suitable for
bridging these distinct modalities. Moreover, Tab. 4 shows
that SARE and SARC complement each other, yielding fur-
ther performance gains when combined.

5. Rationale for DINOv3
DINOv3 [12] offers superior optical representations, com-
pared to ImageNet pretrained MAE-ViT (see Tab. 5, both
models adopt the Base version). We froze DINOv3 encoder
to prevent it from adapting to SAR domain, which provides
purely semantic guidance in the optical modality.



Table 4. Ablation study on noise addition and loss functions.

Model Noise Addition Loss Function FUSAR 40 [6] SSDD [19] AIR-PolSAR-Seg [23]

MAE [5] - - 82.22 64.20 64.36
MAE + G Gaussian - 85.16 62.60 63.19
SARE Ours - 86.80 64.40 65.15

SARE + C Ours Contrastive Loss 86.95 62.40 63.41
SARMAE Ours SARC 89.30 68.10 66.53

Table 5. Comparison of different teachers for the Optical Branch.
ViT-B is adopted as the backbone.

Optical Branch Init. FUSAR 40 [6] SAR-ACD [21]

MAE-ViT [5] 84.29 89.87
DINOv3 [12] (Ours) 89.30 95.06

6. Model Scalability Analysis
In terms of efficiency, scaling from ViT-B to ViT-L intro-
duces a moderate training overhead (+33%) on 8×A800
GPUs (Tab. 6), indicating that SARMAE scales efficiently
with model size. While ViT-L tends to overfit on smaller
datasets (FUSAR-SHIP, MSTAR) due to its higher capac-
ity, it consistently outperforms ViT-B on large-scale bench-
marks (SARDet-100K). These results suggest that SAR-
MAE follows standard scaling behavior, where larger mod-
els benefit from sufficient training data.

Table 6. Efficiency Analysis.

Model Params (M) FLOPs (G) Training Cost (h)

ViT-B (Baseline) 86 17.6 ∼45
ViT-L 307 61.6 ∼60

7. Fine-tuning Configurations for Downstream
Tasks

All experiments are conducted using the pretrained ViT-B
and ViT-L backbones initialized with SARMAE weights.
And all experiments are conducted on 8 NVIDIA A800
GPUs (40GB). We use PyTorch Distributed Data Parallel
(DDP) for multi-GPU training. Gradient clipping with a
maximum norm of 1.0 is applied across all tasks. For ViT-
L models, we apply checkpoints to maintain the effective
batch size when GPU memory is limited.

7.1. Target Classification
For target classification tasks, we evaluate SARMAE on
three datasets: FUSAR-SHIP [6], MSTAR [3], and SAR-
ACD [21]. The pretrained ViT encoder is adapted for clas-
sification by appending a global average pooling layer fol-

lowed by a linear classification head. The number of output
dimension in the linear layer corresponds to the number of
classes in each dataset. The training configurations are de-
tailed in Tab. 7. For the 40-shot experiments on FUSAR-
SHIP and MSTAR, we randomly sample 40 images per
class for training while using the full test set for evaluation.
For the 30% labeled setting on FUSAR-SHIP, MSTAR and
SAR-ACD, we randomly select 30% of the training data
while keeping the test set unchanged. Each experiment is
repeated 3 times with different random seeds, and we report
the average accuracy.

7.2. Horizontal&Oriented Object Detection
For horizontal bounding box detection, we integrate the pre-
trained SARMAE backbone into the Faster R-CNN [10]
framework with a Feature Pyramid Network (FPN) neck.
We evaluate on two datasets: SSDD and SARDet-100k.
And for oriented bounding box detection on the RSAR
dataset, we adopt Oriented R-CNN as the detection frame-
work, which extends Faster R-CNN with rotated Region of
Interest (RoI) features and oriented bounding box regres-
sion. The training configurations are detailed in Tab. 7.
To preserve the pretrained representations, we freeze all
layers of the ViT backbone except the final layer during
fine-tuning. This approach maintains the general SAR
features learned during pretraining while allowing task-
specific adaptation through the detection head.

7.3. Semantic Segmentation
For pixel-level semantic segmentation on the AIR-PolSAR-
Seg dataset, we utilize UperNet as the segmentation frame-
work. For the multi-class segmentation task, we report
mean Intersection over Union (mIoU) across all categories.
For the single-class water extraction task, we report the IoU
for the water class. The training settings have been shown
in Tab. 7.

8. Extended visualization results
Fig. 4 presents detection results on SSDD, SARDet-
100k, and RSAR datasets. The visualizations demon-
strate the model’s capability to accurately localize ships
in diverse scenarios, including multi-scale detection, dense



Table 7. Training configurations for different tasks.

Config Classification Detection Segmentation

optimizer AdamW AdamW AdamW
base learning rate 1.0× 10−3 1.0× 10−4 6.0× 10−5

weight decay 0.05 0.05 0.05
optimizer momentum β1, β2 = 0.9, 0.95 β1, β2 = 0.9, 0.95 β1, β2 = 0.9, 0.99
batch size 25 16 4
learning rate schedule Cosine Step Polynomial
warmup iterations 2000 1000 1500
warmup type Constant Linear Linear
warmup learning rate 1.0× 10−5 0.33333 6.0× 10−8

harbor scenes, and oriented bounding box prediction for
arbitrarily-oriented vessels.

Fig. 5 illustrates semantic segmentation results on AIR-
PolSAR-Seg dataset. The model achieves precise pixel-
level classification for multiple terrain categories and ac-
curate water body extraction, demonstrating strong perfor-
mance on fine-grained segmentation tasks.

9. Datasheets
9.1. Motivation
The questions in this section are primarily intended to en-
courage dataset creators to clearly articulate their reasons
for creating the dataset and to promote transparency about
funding interests. The latter may be particularly relevant for
datasets created for research purposes.
1. “For what purpose was the dataset created?”

A: SAR-1M was created to address the lack of large-
scale, diverse SAR datasets for self-supervised repre-
sentation learning. Existing SAR datasets are limited in
scale ( 100k-500k) and diversity, hindering the develop-
ment of foundation models for SAR imagery.

2. “Who created the dataset (e.g., which team, research
group) and on behalf of which entity?”
A: The dataset was curated by us as part of research on
SAR representation learning. It aggregates 18 publicly
available SAR datasets.

3. “Who funded the creation of the dataset?”
A: The dataset creation was funded by the affiliations of
the authors involved in this work.

9.2. Composition
Most of the questions in this section are intended to provide
dataset consumers with the information they need to make
informed decisions about using the dataset for their chosen
tasks. Some of the questions are designed to elicit informa-
tion about compliance with the EU’s General Data Protec-
tion Regulation (GDPR) or comparable regulations in other
jurisdictions. Questions that apply only to datasets that re-

late to people are grouped together at the end of the section.
We recommend taking a broad interpretation of whether a
dataset relates to people. For example, any dataset contain-
ing text that was written by people relates to people.

1. “What do the instances that comprise our datasets rep-
resent (e.g., documents, photos, people, countries)?”
A: The dataset primarily comprises SAR imagery cap-
tured by satellites. All datasets utilized in SAR-1M are
publicly accessible and nonprofit.

2. “How many instances are there in total (of each type, if
appropriate)?”
A: SAR-1M contains 1.3 million SAR image instances
captured by satellites and 1 million paired SAR-OPT, 2.3
million in total.

3. “Does the dataset contain all possible instances or is it
a sample (not necessarily random) of instances from a
larger set?”
A: Yes, our dataset contains all possible instances that
have been collected so far.

4. “Is there a label or target associated with each in-
stance?”
A: No, our dataset is intended for self-supervised learn-
ing. Therefore, each instance is an individual SAR/OPT
image and does not contain annotations.

5. “Is any information missing from individual instances?”
A: No.

6. “Are relationships between individual instances made
explicit (e.g., users’ movie ratings, social network
links)?”
A: Yes, the relationship between individual instances is
explicit.

7. “Are there recommended data splits (e.g., training, de-
velopment/validation, testing)?”
A: Yes, the entire dataset is intended for self-supervised
methods, and we recommend using the whole dataset for
self-supervised learning research.

8. “Is the dataset self-contained, or does it link to or oth-
erwise rely on external resources (e.g., websites, tweets,
other datasets)?”



Figure 4. Object detection visualization results.



Figure 5. Semantic segmentation visualization results. Blue: Industrial. Green: Natural. Red: Land Use. Cyan: Water. White: Other.
Yellow: Housing.



A: Yes, our dataset relies on many publicly available
SAR datasets, which we have detailed in the main text.

9. “Does the dataset contain data that might be considered
confidential (e.g., data that is protected by legal privi-
lege or by doctor–patient confidentiality, data that in-
cludes the content of individuals’ non-public communi-
cations)?”
A: No, all data are clearly licensed.

10. “Does the dataset contain data that, if viewed directly,
might be offensive, insulting, threatening, or might oth-
erwise cause anxiety?”
A: No.

9.3. Collection Process
In addition to the goals outlined in the previous section, the
questions in this section are designed to elicit information
that may help researchers and practitioners create alterna-
tive datasets with similar characteristics. Again, questions
that apply only to datasets that relate to people are grouped
together at the end of the section.
1. “How was the data associated with each instance ac-

quired?”
A: Please refer to the details listed in the main text Sec.
2.

2. “What mechanisms or procedures were used to collect
the data (e.g., hardware apparatuses or sensors, manual
human curation, software programs, software APIs)?”
A: Please refer to the details listed in the main text Sec.
2.

3. “If the dataset is a sample from a larger set, what was
the sampling strategy (e.g., deterministic, probabilistic
with specific sampling probabilities)?”
A: Please refer to the details listed in the main text Sec.
2.

9.4. Preprocessing, Cleaning, and Labeling
The questions in this section are intended to provide dataset
consumers with the information they need to determine
whether the “raw” data has been processed in ways that are
compatible with their chosen tasks. For example, text that
has been converted into a “bag-of-words” is not suitable for
tasks involving word order.
1. “Was any preprocessing/cleaning/labeling of the data

done (e.g., discretization or bucketing, tokenization,
part-of-speech tagging, SIFT feature extraction, removal
of instances, processing of missing values)?”
A: Yes, we preprocessed and cleaned data in our dataset.

2. “Was the ‘raw’ data saved in addition to the prepro-
cessed/cleaned/labeled data (e.g., to support unantici-
pated future uses)?”
A: Yes, raw data is accessible.

3. “Is the software that was used to preprocess/clean/label
the data available?”

A: Yes, the necessary software used to preprocess and
clean the data is publicly available.

9.5. Uses
The questions in this section are intended to encourage
dataset creators to reflect on tasks for which the dataset
should and should not be used. By explicitly highlight-
ing these tasks, dataset creators can help dataset consumers
make informed decisions, thereby avoiding potential risks
or harms.
1. “Has the dataset been used for any tasks already?”

A: No.
2. “Is there a repository that links to any or all papers or

systems that use the dataset?”
A: Not yet, but we will provide such links in our GitHub
repository soon in the future.

3. “What (other) tasks could the dataset be used for?”
A: The dataset could be used for training the SAR foun-
dation models with the self-supervised learning method.

4. “Is there anything about the composition of the
dataset or the way it was collected and prepro-
cessed/cleaned/labeled that might impact future uses?”
A: N/A.

5. “Are there tasks for which the dataset should not be
used?”
A: N/A.

9.6. Distribution
Dataset creators should provide answers to these questions
prior to distributing the dataset either internally within the
entity on behalf of which the dataset was created or exter-
nally to third parties.
1. “Will the dataset be distributed to third parties outside

of the entity (e.g., company, institution, organization) on
behalf of which the dataset was created?”
A: No.

2. “How will the dataset be distributed (e.g., tarball on
website, API, GitHub)?”
A: Very likely to be distributed by website, API, and
GitHub repository.

3. “When will the dataset be distributed?”
A: The datasets are publicly accessible, our SAR-1M
will be publicly available soon.

4. “Will the dataset be distributed under a copyright or
other intellectual property (IP) license, and/or under ap-
plicable terms of use (ToU)?”
A: Yes, the dataset is under the Creative Com-
mons Attribution-NonCommercial-ShareAlike 4.0 Inter-
national License.

5. “Have any third parties imposed IP-based or other re-
strictions on the data associated with the instances?”
A: No.

6. “Do any export controls or other regulatory restrictions



apply to the dataset or to individual instances?”
A: No.

9.7. Maintenance

As with the questions in the previous section, dataset cre-
ators should provide answers to these questions prior to
distributing the dataset. The questions in this section are
intended to encourage dataset creators to plan for dataset
maintenance and communicate this plan to dataset con-
sumers.
1. “Who will be supporting/hosting/maintaining the

dataset?”
A: The authors of this work serve to support, host, and
maintain the datasets.

2. “How can the owner/curator/manager of the dataset be
contacted (e.g., email address)?”
A: The curators can be contacted via the email addresses
listed on our webpage.

3. “Is there an erratum?”
A: There is no explicit erratum; updates and known er-
rors will be specified in future versions.

4. “Will the dataset be updated (e.g., to correct labeling
errors, add new instances, delete instances)?”
A: Yes, for the current version. Future updates (if any)
will be posted on the dataset website.

5. “Will older versions of the dataset continue to be sup-
ported/hosted/maintained?”
A: Yes. This is the first version of the release; future up-
dates will be posted and older versions will be replaced.

6. “If others want to extend/augment/build on/contribute to
the dataset, is there a mechanism for them to do so?”
A: Yes, we provide detailed instructions for future ex-
tensions.
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