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The poor generalization of deep learning models for boulder detection on unseen asteroids remains a

key challenge for exploration missions. We address this by fine-tuning the "Segment Anything Model"
(SAM), a foundation model pre-trained on a massive dataset. Compared to conventional CNN-based
architectures, our fine-tuned SAM (FT-SAM) demonstrated superior robustness, improving the recall
rate by over 30 percentage points and detecting four times more boulders on untrained asteroid
datasets. The resulting boulder size-frequency distributions showed a high correlation with previous
studies. This approach leverages pre-trained features to significantly enhance cross-domain
performance, accelerating automated analysis for future asteroid missions.
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Model Recall (%) IoU (%)  OA (%) # boulder
Ryugu Dataset
SOD-Former 59.55 68.48 84.32 127
SAM 57.05 55.36 85.30 202
FT-SAM 68.25 62.01 87.25 372

Bennu Dataset(Trained with only Ryugu dataset)

SOD-Former 22.04 44.89 61.45 118
SAM 56.59 66.68 78.14 413
FT-SAM 75.43 81.60 87.55 781
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