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Figure 2. Measured and synthetic data in SAMPLE [2] dataset
Data Scarcity Crisis: SAR ATR systems suffer from severe labeled data limitations
due to high collection costs, security constraints, and expert annotation
requirements.
Synthetic-Real Domain Gap: Existing synthetic data generation approaches fail to

Figure 7. TPRs at FPR thresholds
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bridge the domain gap between simulated and measured imagery (Figures 2, 4). 3. * SVM achieves 100% accuracy using pool1 . Y
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