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Pipeline Overview

Motivation & Contributions
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, , , Key findings: Adaptive sampling and mask size crucial; optimal hyperparameters from ablation studies.
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Benchmarking & Sensitivity

Ablation Table
Detection Scores Setting F1 (%)

mAP AP50 AP75 F1 | Prec. Recall No Adaptive Sampling 61.6

TRANSAR-large | 66.8 68.9 85.4 79.2| 77.9  80.5 Linear Scheduler 09.7
ViT-MIM (SAR) 529  55.0 58.8 585 | 55.3  62.2 Cosine Scheduler 79.2
SegFormer (RGB) 30.8 36.4 40.9 40.6 38.0 42.8 Block-mask size & 79.2
UNet-SENet (SAR) | 44.5 45.2 47.4 50.6 46.1 56.1 Block-mask size 16 75.4
Block-mask size 32 70.6

_ TRANSAR outperforms prior baselines; ablations reveal crucial sampling and mask-size choices. y

Qualitative Results Takeaways & QOutlook

e Self-supervised ViTs enable strong
SAR detection even with few/zero labels.

e Adaptive sampling scheduler ad-
dresses data imbalance and maximizes F1.

e Outperforms prior SSL and supervised
models on all key metrics.

e Disaster relief, remote monitoring,
urban analytics—real-world impact.
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e More annotated datasets and benchmarks
needed for large-scale generalisation.
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\F ine-grained detections, robustness to false positives, higher precision (urban), parity in clear rural scenarios. /




