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Abstract

This paper proposes a synthetic aperture radar (SAR) ship detection method that combines auxiliary classifier generative adversarial
network (ACGAN)-based synthetic ship data augmentation with a YOLOv8n detector. In the proposed approach, ship targets generated
by ACGAN are inserted into sea-surface regions to construct additional training samples, thereby alleviating the scarcity and imbalance
of SAR ship data. By providing diverse ship appearances in terms of size and shape, the proposed method improves ship detection
performance under limited-data and cluttered sea-scene conditions. The experimental results show that training with both real and synthetic
data achieves a better ship detection performance than training with only real data, particularly for small ships and cluttered sea scenes.
These results demonstrate that generative-model-based synthetic data can serve as an effective augmentation strategy for SAR ship detection.
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Table 1. Comparison of ship detection performance on the
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condition Precision | Recall | mAP@0.5 |mAP@0.5:0.95
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