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Abstract

This paper proposes a synthetic aperture radar (SAR) ship detection method that combines diffusion-generated synthetic ship data
augmentation with the RTMDet detector. In the proposed approach, ship targets with diverse sizes, shapes, and scattering distributions
are generated using a diffusion model and inserted into sea-surface regions of real SAR images to construct additional training samples.
This strategy alleviates the scarcity and imbalance of SAR ship data and enables the detector to learn various target-background
relationships under sea clutter and speckle noise. In addition, RTMDet was adopted as an efficient real-time detector to achieve both
detection accuracy and inference efficiency. Experiments on the SSDD dataset were designed to compare a baseline trained only with real
data and the proposed method trained on both real and diffusion-generated synthetic data. The detection performance was evaluated using
precision, recall, mAP@0.5, and mAP@0.5:0.95 under both full- and limited-data settings. Experiments on the SSDD dataset compared
the proposed method with a real-data baseline, geometric augmentation, and mosaic augmentation under both full- and limited-data settings.
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Table 1. Training and generation configuration of the
diffusion model.

Parameter Setting

Model type Conditional DDPM

Input modality Single-channel SAR intensity patch

Patch size 64%64 pixels
Diffusion timestep 1,000
Sampler DDIM
Sampling step 50

Ship class, bbox, target mask, size,
aspect ratio, orientation, optional
background statistics

Conditioning information

Optimizer AdamW

Learning rate 1.0x107*
Batch size 32
Epochs 200

Synthetic data ratio Real:Synthetic=1:1
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Table 2. Training configuration of RTMDet for SAR ship
detection.

Parameter Setting

Model variant RTMDet-tiny

Backbone/neck/head | CSPNeXt/CSPNeXtPAFPN/SepBNHead

Input size 640%640 pixels

Input channel Single-channel SAR intensity image

Optimizer AdamW
Learning rate 2.0x1073
Batch size 16
Epochs 300
Weight decay 0.05
Evaluation metrics Precision, recall, mAP@0.5,
mAP@0.5:0.95
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