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Abstract

While deep supervised methods have advanced the syn-
thetic aperture radar (SAR) data analysis, the potential of
self-supervised methods remains relatively underexplored.
Prevailing self-supervised approaches largely focus on
masked image modeling (MIM), which despite its effective-
ness, demand extensive training time and massive datasets
to achieve convergence. In this paper, we introduce FLASH-
SAR (Fast Learning Self-supervised Hierarchical Architec-
ture for SAR), a computationally efficient, self-supervised
SAR model, designed to excel at both image level classifica-
tion and dense-prediction tasks such as semantic segmenta-
tion. FLASH-SAR integrates the dense contrastive learning
paradigm with the hierarchical Swin transformer backbone.
This combination enables the model to learn local discrim-
inative features that capture the neighborhood geometry,
while preserving global semantic discriminability. We eval-
uate our model on a comprehensive set of tasks, includ-
ing multi-label classification and land use and land cover
(LULC) segmentation across 2 global benchmark dataset
and 7 region specific datasets using the mIoU and mAP met-
rics. Our proposed model achieved state-of-the art perfor-
mance that are competitive with heavier multimodal base-
lines, notably surpassing them by an average of 1.07 %
mAP on BigEarthNet-S1, while attaining up to 50% faster
fine-tuning speeds than existing baselines. These results
demonstrate that dense contrastive pre-training can be a
promising alternative to MIM-based self-supervised learn-
ing approaches for SAR imagery.

1. Introduction

The proliferation of Earth Observation (EO) satellites have
led to a massive influx of data, offering an unprecedented
opportunity to monitor planetary changes, from urbaniza-
tion [1, 12, 42, 49–52], greenhouse gas emissions [5, 14, 21,

65] to disaster management [4, 26, 53]. While the volume
of data is large and spans multiple modalities, including op-
tical [11, 13] and synthetic aperture radar (SAR) [46], the
human capacity to annotate these data is significantly lim-
ited. SAR imagery in particular is extremely difficult to an-
notate, requiring domain experts to interpret complex back-
scattering mechanisms that are counter intuitive to human
visual perception. This discrepancy in the abundance of raw
data and the scarcity of labeled samples is a huge bottle-
neck for supervised learning approaches in remote sensing.
Without sufficient diversity in annotated training datasets,
deep learning models struggle to generalize across vary-
ing geographies [18, 68]. Furthermore, in data-constrained
regimes such as SAR automatic target recognition (ATR),
limited labeled data often causes the model to overfit to ir-
relevant background details rather than discriminative ob-
ject features [7, 54, 56, 66, 67].

To bridge this gap, foundation models pre-trained
through principles of self supervised learning (SSL) have
emerged as a powerful paradigm. By constructing pretext
tasks such as masked image modeling (MIM) or contrastive
learning, these foundation models learn generalizable rep-
resentations from unlabeled data which can then be fine-
tuned for various downstream tasks with limited supervi-
sion. While generic computer vision foundation models
have shown remarkable success on standard RGB images
[2], they often struggle with the domain specific nuances
of remote sensing including the coherent speckle noise and
geometric distortions such as foreshortening, layover and
shadows that are inherent to the side-looking acquisition ge-
ometry of SAR. Consequently, the remote-sensing commu-
nity has initiated the development of domain specific foun-
dation models.

Although the field of foundation models has seen rapid
progress, existing methods encounter specific limitations.
First, the foundation model landscape remains heavily
skewed toward optical imagery. Since these models are op-
timized for passive reflectance properties, they do not nat-
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urally extend to the active back-scattering mechanisms of
SAR. Second, current methods typically rely on MIM or
global contrastive learning, and while these paradigms excel
at representation learning, they also present inherent trade-
offs. For example, MIM approaches prioritize pixel-level
reconstruction, creating a texture bias that often comes at
the expense of the global shape information essential for
semantic discrimination. As a result, they typically require
significant fine-tuning to adapt effectively to downstream
tasks [38]. On the other hand, global contrastive learn-
ing struggles with dense prediction tasks such as land use
and land cover (LULC) segmentation. By optimizing for
image-level invariance, these methods tend to induce atten-
tion collapse in deeper layers, reducing the spatial diversity
of learned representations [37]. Finally, the current trend
in foundation models prioritizes massive scale, in terms of
dataset size as well as parameter count, often disregarding
the environmental and operational costs of such compute-
intensive architectures. This hinders practical deployment
in constrained settings, such as on-board satellite process-
ing or real-time disaster response [19, 43, 47].

This work addresses these challenges by proposing a
computationally efficient, self-supervised, SAR specific
model tailored for dense prediction tasks. We adopt a dense
contrastive learning framework that forces the model to
learn both global as well as local discriminative features
while preserving the shape, geometry and texture informa-
tion that are critical for SAR interpretation. We demonstrate
this by merging the objectives of global and dense local su-
pervision during pre-training, and achieve competitive per-
formance with existing state-of-the-art methods; requiring
significantly less training data and compute resources. The
main contribution of this work is summarised as follows:
• Introduction of a data-efficient self-supervised SAR

model through dense contrastive pretraining, where
multi-temporal positive pairing and local negative sam-
pling are employed, together with a hierarchical Swin
transformer backbone. It utilizes shifted window atten-
tion and hence scales linearly in time complexity with re-
spect to image size.

• The approach matches or surpasses state-of-the-art frame-
works while training on less than half the data typically
required.

• The model enables faster adaptation, with fine-tuning
speeds accelerated by 1.5–2× compared to existing base-
lines.

2. Related works
The application of SSL in remote sensing has predom-
inantly focused on optical imagery. Early approaches
adapted global contrastive frameworks such as MoCo [24]
and SimCLR [8] to the geospatial domain. For instance, in-
corporating geolocation as a pretext task and defining posi-

tive pairs through spatio-temporal alignment [3]. Similarly,
Seasonal Contrast (SeCo) [32] explicitly models temporal
dependencies by learning multiple embedding subspaces,
some invariant and others sensitive to seasonal change, al-
lowing the model to generalize effectively to both classi-
fication and change detection. In the SAR domain, pre-
training strategies have largely restricted to either specific
tasks such as ATR [39, 61] or multi-modal frameworks
that perform radar-optical contrastive learning [29, 58].
More recently, this paradigm was advanced by introduc-
ing a masked Siamese framework for SAR feature extrac-
tion [35]. This approach showed strong generalization by
pre-training on a diverse multi-resolution dataset consisting
of X, C and L bands with quad-polarization and relies on
airborne acquisitions and high resolution inputs. Most of
these approaches have primarily focussed on consistency at
the global or patch level, which limits their effectiveness
for dense prediction tasks. Further, as these models are
optimized to distinguish global image identities, they ex-
hibit a strong shape bias (low-frequency focus) that comes
at the cost of high-frequency textural details (e.g, in built-up
areas), which are critical for interpreting SAR backscatter
mechanisms. Consequently, the learned representations dis-
card fine-grained spatial information, rendering these rep-
resentations suboptimal for dense prediction tasks such as
LULC segmentation [44, 45] or object detection, where lo-
cal discriminability is of importance.

To address the limitations of contrastive learning, re-
cent works have shifted toward masked image modeling
(MIM), which reconstructs masked portions of an input sig-
nal. MIM is typically implemented via encoder-decoder ar-
chitectures, for example, masked autoencoder (MAE) [25].
However, majority of these foundation models remain re-
stricted to the optical domain, for instance, SatMAE [9]
adapted the MAE framework to multi-spectral optical data.
Addressing the issue of scale ambiguity, scale-aware MAE
utilized a unique masking strategy [40] to determine the
scale of its vision transformer (ViT) positional encoding.
The decoder reconstructed images through a bandpass filter
to retain scale-specific information, leading to robust, mul-
tiscale representations. Few attempts to bridge the modality
gap include CROMA [17] that sought to combine the best
of both worlds by integrating contrastive alignment with
masked reconstruction. While this multimodal approach
leverages vast archives like SSL4EO [59] to learn rich rep-
resentations, it incurs a significant computational overhead
(uses 3 ViT heads as encoders), and lacks empirical val-
idation on SAR semantic segmentation. MERLIN [10]
takes a complementary direction by introducing a compute-
efficient U-Net trained with auxiliary self-supervised tasks
such as despeckling, segmentation, and regression, on 1 m
TerraSAR-X imagery, where despeckling explicitly encour-
ages learning fine-grained pixel-level structures rather than
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coarse patch-level representations.
SUMMIT [16] represents one of the few foundation

models tailored exclusively for SAR. Recognizing the vul-
nerability of standard MIM to speckle noise, SUMMIT aug-
ments the masked reconstruction objective with auxiliary
tasks, specifically denoising, corner detection and edge re-
construction to guide the model toward physical structure
rather than overfitting speckle noise patterns. While this
helps mitigate texture bias, they compound the computa-
tional and representational trade-offs inherent to the MIM
paradigm. Computationally, optimizing multiple recon-
struction heads alongside heavy ViT backbones increase the
training time, requiring 2-3x more epochs for convergence
[25]. Despite the emphasis on learning structural elements,
the fundamental objective remains signal reconstruction.
This forces the later layers of the encoder to function as an
implicit decoder, dedicating capacity to restoring pixel-level
details rather than abstracting semantic concepts. Conse-
quently, even with auxiliary denoising, the features are not
semantically aligned for any task without extensive fine-
tuning [38, 64], which ultimately limits the model’s ef-
ficiency as a general-purpose feature extractor. Notably,
while the framework demonstrated strong performance on
instance segmentation, it remained largely unevaluated on
dense LULC semantic segmentation benchmarks.

To overcome the trade-offs between global invariance
and masked reconstruction, we adapt dense contrastive
learning [28, 55, 57, 63] paradigm. Unlike standard dis-
criminative approaches restricted to image level optimiza-
tion, the proposed framework extends similarity constraints
at the pixel level. This ensures that the model preserves fine-
grained structural details required for SAR data analysis,
while maintaining a solely encoder based architecture. Our
work focuses on maximizing the utility of standard dual-pol
C band Sentinel-1 imagery (10 m spatial resolution), ensur-
ing wider applicability to EO applications.

3. Methodology
In this section, we describe the intuition behind model ar-
chitecture with global and dense contrastive learning.

3.1. Model architecture
A Swin-Tiny [30] architecture is employed for pre-training,
operating at an input resolution of 224 × 224. Leverag-
ing hierarchical shifted window attention, the four encoder
stages output feature embeddings with channel dimensions
of 96, 192, 384 and 768, respectively. The final stage out-
put is reshaped into a 2D feature map to enable processing
by the convolutional dense head, while the globally pooled
features are processed by the MLP (Multilayer Perceptron)
head. For fine-tuning, we utilize a UPerNet-style decoder
[62], which integrates a Pyramid Pooling Module (PPM)
with Feature Pyramid Network (FPN) fusion. This architec-

Algorithm 1: Dense Contrastive Pre-training for
SAR (FLASH-SAR)

Input: Unlabeled SAR dataset D, Batch size
k = 16, Temperature τ = 0.1, Balance
weight λ = 0.5

Output: Pre-trained Swin Encoder gθ
1 Initialize Swin-Tiny encoder gθ, MLP head hmlp,

and Dense head hdense with random weights
2 for epoch← 1 to 100 do
3 for each mini-batch {A,P,N1, . . . , Nk−2}

sampled from D do
// 1. Forward Pass

4 Generate backbone feature maps:
5 fA, fP , {fNi} ← gθ(A), gθ(P ), {gθ(Ni)}

// 2. Global Contrastive
6 Generate global embeddings:
7 eA, eP , {eNi

} ←
hmlp(GlobalPool(fA, fP , {fNi

}))
8 Compute Lgc using {eA, eP , {eNi}} via

Eq. (1)
// 3. Dense Contrastive

9 Generate dense embeddings:
10 dA, dP ← hdense(fA), hdense(fP )

// Correspondence Matching
11 Downsample fA, fP to match spatial

resolution of d
12 Determine pixel-wise correspondence

indices c between fA and fP via Eq. (3)
13 Compute Ldc using dA, dP and indices c via

Eq. (4)
// 4. Optimization

14 Compute total loss:
Ltotal ← λLgc + (1− λ)Ldc

15 Backpropagate ∇Ltotal and update
parameters θ, hmlp, hdense

16 end
17 end

ture fuses features from all four encoder stages via skip con-
nections and upsampling. Specifically, the PPM is applied
to the final encoder map to capture global context; subse-
quently, multi-scale features are concatenated and upsam-
pled to generate dense predictions at the original resolution.

3.2. Pre-training objectives

Global contrastive learning is based on the simple idea of
pulling similar data points (positive pairs) as close together
as possible, while pushing dissimilar ones (negative pairs)
far apart [8, 22, 24]. The definition of ‘positive pairs’ is cru-
cial in this approach as the model is forced to learn invariant
representations for the samples that are deemed similar.
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(a) Global Contrastive Loss

(b) Dense Contrastive Loss

Figure 1. Overview of dense contrastive pre-training. (a) Illus-
trates the global contrastive loss computation using the multi-layer
perception (MLP) which acts as the global projection head. (b) Il-
lustrates the dense contrastive loss computation using the dense
projection head.

In this framework, positive pairs are defined through ge-
ographic correspondence, that is, two SAR images of the
same geo-location acquired at different time stamps. The
considered dataset in this work consists of imagery captured
between March 2020 and December 2021, indicating that
the temporal variability is mainly seasonal. This forces the
model to learn seasonally invariant representations of the
data. Negative samples are defined as ‘everything else’ i.e.
SAR images covering different locations are all defined as
negative with respect to each-other. The training approach
for global contrastive learning is described below.

Assume a mini-batch of size k containing an an-
chor A, its temporal positive P , and a set of negatives
N1, .., Nk−2 sourced from different locations. The en-
coder parametrized by θ, transforms these inputs into in-
termediate features fA, fP , fN1

, ..fNk−2
, which are subse-

quently mapped by a MLP head to lower dimensional em-
beddings eA, eP , eN1 , ......eNk−2

. We formulate the global
contrastive loss function denoted by Lgc, based on the In-
foNCE objective [36], on these projected embeddings to
maximize the similarity between the positive pairs (A,P )
while minimizing the similarity with the negatives. Here,
both positive and negative pairs are defined with respect to
the anchor image. This objective back-propagates gradients
through the entire architecture, thus updating both the en-
coder and the projection head.

Lgc = − log

(
exp(eA · eP /τ)

exp(eA · eP /τ) +
∑k−2

i=1 exp(eA · eNi
/τ)

)
(1)

Probabilistically, the InfoNCE objective in Eq. (1) func-
tions as a form of implicit negative sampling [20, 33, 34],

Figure 2. Dense correspondence matching. Illustration of the
pixel-wise alignment strategy used to compute Ldc.

maximizing the log-likelihood of correctly identifying the
true positive samples among a set of negatives. The nega-
tives in the denominator serve as contrasting evidence that
regularizes the embedding space. Otherwise, the model
minimizes the loss trivially by mapping all inputs to a con-
stant vector. This mechanism prevents such representation
collapse by enforcing a probabilistic competition, which en-
sures that the model learns discriminative representations
by pulling semantically related features together while ac-
tively repelling dissimilar ones to structure the embedding
space. The temperature hyper-parameter τ controls the de-
gree of the softmax.

In order to bridge the gap between the global level fea-
ture invariance and local discriminability, we adopt the
dense contrastive learning framework [57]. This extends
the contrastive objective to local features, ensuring that the
model captures the fine-grained spatial structure for dense
prediction.

As illustrated in Fig. 1b, we supplement the standard
contrastive pipeline with a parallel dense head. Input im-
ages are processed through the encoder to return spatial
maps. While the globally pooled features are projected via
an MLP head for the global objective, the unpooled feature
maps are simultaneously passed through a dense projection
head, consisting of a series of 1 × 1 convolution blocks to
obtain the dense feature embeddings d. The network is op-
timized via a linear combination of the global contrastive
loss, Lgc in Eq. (1) and the dense contrastive loss, Ldc.
Therefore,

Ltotal = λ · Lgc + (1− λ) · Ldc (2)

The process for defining positive pairs for dense features
is illustrated in Fig. 2. Correspondence is derived between
the anchor A and its temporal positive P . Let the encoder
features f have dimensions RH×W×K and the dense fea-
tures obtained from the dense projection embeddings d have
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dimensions RS×S×E (assuming a square spatial grid of S).
We determine the dense feature correspondence of dA

and dP using the encoder feature maps fA and fP . First, fA
and fP are down-sampled through adaptive average pooling
to match the S × S spatial dimensions of the dense em-
beddings dA and dP , then flattened into matrices of shape
S2 × k. A pairwise cosine similarity is computed between
these two matrices i.e. for each of the S2 feature vectors
in fA we identify the vector in fP that maximizes cosine
similarity; this recognizes the dense feature correspondence
used to align dA and dP , and is formulated as:

ci = argmax
j

sim(fAi
, fPj

). (3)

Analogous to the global objective in Eq. (1), we formu-
late the dense contrastive loss Ldc by applying the InfoNCE
principle to the dense features:

Ldc =
1

S2

S2∑
s=1

− log

 exp(dsA · dsP+/τ)

exp(dsA · dsP+/τ) +
∑
dP−

exp(dsA · dP−/τ)

 .

(4)
Here, dsA denotes the feature vector at spatial index s

in the anchor map dA, and dsP+ denotes its corresponding
positive match in dP . The set of negatives, dP−, comprises
all other feature vectors within the positive view dP that are
not the matched dsP+. Notably, this definition diverges from
the original DenseCL formulation [57], which typically in-
corporates pooled vectors from other images as negatives.
By treating spatially distinct regions within the paired view
as negatives, we explicitly force the model to discriminate
between different semantic parts of the same scene, thereby
enhancing local feature distinctiveness. This dense corre-
spondence step leads to a negligible computational over-
head in total training time (< 1%) when compared to the
MoCo-v2 baseline [24].

It is important to jointly optimize both Ldc and Lgc .
Setting λ in Eq. (2) to 0, hinders convergence as good
global features are essential in order to learn good dense
features. Therefore the optimum value of λ was considered
as 0.5 based on several experiments [57]. The complete
pre-training procedure, integrating both global and dense
objectives is summarized in Algorithm 1.

4. Experimental setup
4.1. Pre-training
Data: FLASH-SAR was pre-trained on the SSL4EO-S12
dataset [59], utilising only the C-band, dual-pol (VV and
VH), Sentinel-1 SAR modality. From the original corpus of
over one million images spanning over 10000 global loca-
tions, we sampled 2 non-overlapping patches per location
(derived from metadata) to minimize spatial redundancy

Table 1. Hyperparameter configurations. All FLASH-SAR exper-
iments used Swin-Tiny, AdamW and 224×224 input. When fine-
tuning on CROMA, we used its native 120× 120 input. Segmen-
tation experiments employed an 80-20 train-test split. All other
hyper-parameter configurations remained the same across models.

Param Pre-train Single-Cls Multi-Cls Seg

Dataset SSL4EO EuroSAT BigEarth Urban
Batch 16 32 32 8
LR 1e−4 1e−3 1e−3 1e−4

Schedule Const. Cosine (5) Cosine (5) Patience
Epochs 100 100 100 100
Loss DenseCL CrossEntropy (CE) Binary CE CE+Dice
Metric - Acc mAP mIoU

and bias. This resulted in a balanced training set of approx-
imately 400,000 patches.

Implementation details: The framework was imple-
mented using PyTorch, with training conducted on a single
NVIDIA Quadro RTX 8000 GPU (48 GB VRAM). Opti-
mization was performed using AdamW [31], chosen for its
stability in transformer training. Hyperparameter settings
for pre-training and fine-tuning are summarized in Tab. 1.

Table 2. Classification results on EuroSat-SAR (Top 1 Accuracy
%) and BigEarthNet S1 (mAP %) datasets. Best results are high-
lighted in bold.

Dataset Model Full FT LP LoRA Part-FT Scratch

EuroSat
FLASH-SAR 82.08 73.47 81.32 81.43 39.88
CROMA 84.64 71.82 83.11 82.41 –
ResNet50 82.72 64.77 84.54 78.38 –

BigEarth
FLASH-SAR 69.98 69.99 69.99 63.31 54.28
CROMA 66.03 67.35 68.92 66.69 –
ResNet50 64.07 53.29 65.67 62.36 –

4.2. Fine-tuning
Data: The model was fine-tuned on the EuroSAT-SAR
dataset [60] (10 classes) for single-label classification and
the BigEarthNet-S1 dataset [48] (19 classes) for multi-
label tasks. To test the few-shot generalization capabil-
ity of the model, we conducted the experiments using a
randomly sampled 1% (for BigEarthNetS1 - 2349 sam-
ples) and 10% (for EuroSAT-SAR - 2700 samples) subset
of the training data, while validating on the entire valida-
tion split (BigEarthNetS1 - 122347 samples, EuroSAT-SAR
- 24300), only after the final fine-tuning epoch was com-
pleted. Region-specific adaptation was evaluated using lo-
cally curated LULC segmentation datasets spanning seven
major Indian cities: Delhi, Mumbai, Hyderabad, Kolkata,
Ahmedabad, Pune and Bangalore. For each city, we ob-
tained Sentinel-1 SAR imagery along with the correspond-
ing land cover labels derived from the Dynamic World prod-
uct [6] using Google Earth Engine for the month of March
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Table 3. LULC segmentation performance. We report mIoU scores across seven major Indian cities under five adaptation protocols:
full fine-tuning (Full-FT), frozen encoder (Frozen-Enc), LoRA [27], random initialization (Scratch), and partial fine-tuning (Part-FT).
Computational efficiency is reported in total training minutes and seconds per epoch. Best results per city are highlighted in bold.

City Model Full-FT Frozen-Enc LoRA Scratch Part-FT Tot. Time (Min) Time/Ep (Sec)

Delhi
FLASH-SAR 0.5730 0.5543 0.5593 0.4999 0.5612 12.93 20.94 ± 3.18
CROMA 0.5576 0.5522 0.5641 – 0.5552 23.34 48.50 ± 0.96
ResNet50 0.5363 0.5121 0.5011 – 0.5319 14.73 19.52 ± 0.67

Mumbai
FLASH-SAR 0.5741 0.5665 0.5688 0.5628 0.5672 6.78 4.33 ± 0.85
CROMA 0.5599 0.5680 0.5752 – 0.5666 9.42 8.52 ± 4.13
ResNet50 0.5516 0.5714 0.5346 – 0.5556 7.07 2.61 ± 0.30

Hyderabad
FLASH-SAR 0.5704 0.5645 0.5612 0.4518 0.5368 9.60 16.68 ± 0.81
CROMA 0.5220 0.5183 0.5307 – 0.5147 20.02 39.17 ± 1.13
ResNet50 0.4835 0.4807 0.4803 – 0.4848 5.69 12.35 ± 3.62

Kolkata
FLASH-SAR 0.5701 0.5636 0.5694 0.4605 0.5674 14.54 17.56 ± 0.65
CROMA 0.5584 0.4976 0.5270 – 0.5580 22.85 40.88 ± 0.69
ResNet50 0.4780 0.4633 0.4468 – 0.4745 5.69 9.21 ± 0.52

Ahmedabad
FLASH-SAR 0.4968 0.5007 0.4931 0.4073 0.4942 5.11 5.07 ± 0.38
CROMA 0.5133 0.4972 0.5168 – 0.5125 8.93 11.99 ± 0.31
ResNet50 0.4817 0.4670 0.4489 – 0.4819 6.09 2.34 ± 0.50

Pune
FLASH-SAR 0.5314 0.5395 0.5382 0.4261 0.5409 7.04 5.53 ± 0.42
CROMA 0.4674 0.4692 0.4685 – 0.4716 8.97 13.42 ± 0.36
ResNet50 0.4646 0.4509 0.4372 – 0.4614 7.10 3.53 ± 0.64

Bangalore
FLASH-SAR 0.4998 0.4975 0.4974 0.4489 0.4978 10.66 17.50 ± 0.67
CROMA 0.5030 0.5118 0.5230 – 0.5198 18.16 38.36 ± 3.51
ResNet50 0.4629 0.4463 0.4408 – 0.4618 7.74 9.15 ± 0.47

2025. The SAR imageries were preprocessed using the
SNAP software, where speckle noise was reduced through
filtering, and the images were co-registered with their cor-
responding ground truth maps to achieve pixel-level align-
ment. The dataset was categorized into 5 semantic classes:
water, built-up, agriculture, trees and open land.

Implementation details: In this work, all the tasks
were benchmarked against CROMA [17] and ResNet50
[23] (pre-trained on ImageNet [15]) architectures using 4
distinct validation strategies: full fine-tuning, linear probing
(encoder frozen), LoRA based fine-tuning (injecting train-
able low-rank adapters), and partial fine-tuning (freezing
early encoder layers). Comparisons with SUMMIT [16] are
omitted, as pre-trained weights are not publicly available.

For both single and multi-label classification, a linear
classification head was attached to the global feature rep-
resentations of each backbone. For semantic segmentation,
the decoder architecture was tailored to maximize the per-
formance of each backbone. While FLASH-SAR employs
a UPerNet, we attached a UNet decoder to ResNet50 and
a simple deconvolutional decoder to CROMA, as empiri-
cal analysis indicated that the latter yields superior results
compared to UPerNet-style heads for CROMA’s global rep-
resentations. To ensure a strictly fair internal comparison,
we reproduced all baselines in our environment using iden-
tical hyperparameters and data splits (Tab. 1). While this
comparison may yield different results compared to origi-
nal publications [17, 23], it demonstrates the efficiency of

the FLASH-SAR architecture in resource constrained envi-
ronments.

Evaluation metrics: Top-1 Accuracy [16] is reported
for single-label classification on EuroSAT-SAR. For multi-
label classification on BigEarthNet-S1, mean average pre-
cision (mAP) [17] was utilised, calculated as the mean area
under the precision-recall curve across all the categories to
account for class imbalance and multi-class co-occurrences.
For semantic segmentation, performance was assessed us-
ing mean intersection over union (mIoU) [16], calculated
as the average overlap between predicted and ground truth
masks across all the classes.

5. Results and discussion
As evident from Tab. 2, FLASH-SAR achieved superior
performance on the challenging BigEarthNet data. In the
standard full fine-tuning and linear probing regimes, it out-
performed the multimodal baseline by 3.95% and 2.64%
respectively. With LoRA adaptation, FLASH-SAR main-
tained a lead of 1.07%, demonstrating that dense pre-
training yields highly adaptive features even under parame-
ter efficient constraints. While CROMA showed a signif-
icant advantage in partial fine-tuning, FLASH-SAR con-
sistently dominated in the high-performance experiments.
Notably, FLASH-SAR surpassed the ResNet50 baseline by
over 4.3% (LoRA) and 16.7% (linear probing), confirming
that generic transfer learning struggled to capture the se-
mantic complexity of multi-label SAR scenes when com-
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Hyderabad  VV Ground Truth SWIFT (mIoU=0.746) CROMA (mIoU=0.617)

Kolkata  VV Ground Truth SWIFT (mIoU=0.596) CROMA (mIoU=0.456)

Mumbai  VV Ground Truth SWIFT (mIoU=0.336) CROMA (mIoU=0.392)

Figure 3. Qualitative Segmentation. LULC comparison (water: blue, trees: green, built-up: red, open land: brown and agriculture: yellow).
FLASH-SAR resolves fine-grained agriculture (Top) and vegetation (Middle) missed by baselines. Bottom: Shared failure case due to low-
contrast water features and multiple overlapping land-use categories.

pared to domain-specific pre-training.
However, on the EuroSAT-SAR single-label benchmark,

CROMA and ResNet50 generally outperformed FLASH-
SAR in full fine-tuning and LoRA experiments, with
ResNet50 achieving a peak accuracy of 84.54% using
LoRA. FLASH-SAR retained a significant lead in lin-
ear probing (73.47% vs. (64.77% for ResNet50) and
(71.82% for CROMA)), indicating that its intrinsic, pre-
trained representations were more robust and discriminative
than features obtained through multi-modal or ImageNet
pre-training. This suggested that while strategies permitting
encoder adaptation (LoRA/full fine-tuning) allowed high-
capacity baselines to bridge the domain gap for simple clas-
sification, FLASH-SAR’s dense objective provided superior
initial feature alignment, which is a critical advantage for
data-efficient adaptation.

In semantic segmentation tasks, FLASH-SAR achieved
consistent performance across various fine-tuning proto-
cols. It matched or often exceeded the multi-modal base-
line and outperformed the standard ResNet50 + UNet [41]
baseline across all evaluated regions (Tab. 3). In terms of ef-

ficiency, by forgoing the computationally expensive MIM,
FLASH-SAR was up to 50% more efficient in total fine-
tuning time than CROMA. Performance gains were espe-
cially pronounced in New Delhi, Hyderabad, Kolkata and
Pune, where FLASH-SAR achieved an average improve-
ment of 3.5% over CROMA during the full fine-tuning ex-
periments. The gains proved substantial in cities like Hy-
derabad and Pune where FLASH-SAR surpassed the multi-
modal baseline by 4.7 and 6.3% respectively. Performance
degradation while freezing the encoder was minimal (often
< 1%), providing strong empirical evidence that the pre-
trained features are intrinsically discriminative even without
extensive fine-tuning.

Fig. 3 visualizes the semantic segmentation performance
across diverse urban landscapes (Hyderabad, Kolkata and
Mumbai). FLASH-SAR demonstrated superior sensitiv-
ity to fine-grained semantic features, particularly in com-
plex mixed-use areas. As seen in the Hyderabad (top row)
and Kolkata (middle row) samples, our model success-
fully delineated minority classes such as agriculture (shown
in yellow colour) and trees (in green) which CROMA
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missed. The baseline exhibited a tendency towards over-
regularization, often collapsing small, textured regions into
the dominant built-up class (red). FLASH-SAR preserved
these minority classes, which resulted in higher mIoU
scores. However, the Mumbai sample (bottom row) illus-
trates a shared failure mode where the low contrast between
water features and the surrounding terrain led to significant
ambiguity. Both models struggled to identify the classes,
resulting in noisy and fragmented predictions.

Overall, our experimental analysis provided three pri-
mary insights regarding the design and efficacy of SAR
foundation models. First, a substantial performance drop
was observed when training from scratch, was a consistent
trend across all the tasks, and it highlighted the critical role
of FLASH-SAR’s pre-training in stabilizing convergence,
particularly in data-constrained regimes. Second, FLASH-
SAR maintained high performance across the full spectrum
of applications, ranging from image-level classification to
dense pixel-level predictions. This task-agnostic robust-
ness suggested that the dense contrastive objective effec-
tively encoded fundamental scattering properties, establish-
ing FLASH-SAR as a highly adaptable model for diverse
scenarios. Finally, the results demonstrated that efficient
pre-training strategies on moderate-scale datasets could ri-
val or exceed the performance of larger models. These gains
were achieved despite using less than 50% of the data vol-
ume compared to the baselines, effectively validating the
potential of pure-SAR foundation models to learn rich, gen-
eralizable representations. Despite these encouraging re-
sults, the current study is limited by its reliance on static
single-sensor, dual-polarized Sentinel-1 data, a restricted
set of baselines, and the absence of evaluation on object de-
tection benchmarks. Addressing these limitations, through
extensions to multi-sensor, multi-polarization settings and
broader downstream tasks, represents a natural and impor-
tant direction for future work.

Ablation: The impact of pre-training data size on down-
stream performance was analysed by conducting experi-
ments with 1.6%, 3.2%, 40% and 100% of the available
training samples. Fig. 4 illustrates that dataset scaling
yielded more pronounced performance gains for multi-label
classification compared to semantic segmentation. The
model exhibited rapid early learning in segmentation, where
doubling the pre-training data from 1.6% to 3.2% led to an
average gain of 1.05% mIoU, whereas scaling from 40% to
100% resulted in a marginal gain of only 0.5% mIoU. This
diminishing return at higher data volumes highlights the
early convergence and high data efficiency of the FLASH-
SAR framework, suggesting that the dense contrastive ob-
jective learned robust structural features even in very low-
data regimes. We attribute this efficiency to the framework’s
strong inductive bias, since the deterministic properties of
SAR surfaces (such as roughness and dielectric constant)
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Figure 4. Data scaling. Top: Classification improves log-linearly
with data. Bottom: Segmentation saturates early, peaking at 40%
data.

were effectively captured with minimal pre-training data by
enforcing local feature consistency. The continued linear
growth in classification performance, in contrast, indicated
that global semantic modeling remains a key area for algo-
rithmic refinement.

6. Conclusion

This work proposed FLASH-SAR, a computationally effi-
cient SAR model trained via a novel adaptation of dense
contrastive learning. By defining dense negative pairs
within globally aligned views, the framework prioritizes the
pixel-level granularity that is critical for studying regional
changes and spatiotemporal dynamics in remote sensing.
Future work will focus on architectural evolutions to en-
hance high-level scene abstraction for single-label classifi-
cation tasks, without compromising the structural efficiency
established here in order to evolve FLASH-SAR into a com-
prehensive foundation model for SAR data.
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