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Abstract: The task of detecting targets in marine radar images is challenging due to high similarity between the tar-
get and clutter. Although there is a large amount of raw data available for marine radar, annotating them requires expert
knowledge, making labeled data particularly valuable. To address these issues, this paper establishes two marine radar data-
sets, the unlabeled marine radar dataset (UMRD) and the labeled marine radar detection dataset (MRDD). To improve the
feature discriminability of the data, this paper proposes a contrastive learning approach for marine radar detection
(CLMRD), which involves generating pseudo labels by clustering and then improving the feature discriminability at both
the sample and data distribution levels using a consistency criterion. The object detection network YolovS5 is used to detect
targets, and fine-tuned with a pre-trained feature extractor. CLMRD fuses the detection results of different slices to improve
the accuracy and recall rates. The proposed method achieves an accuracy rate of 0.97 and a recall rate of 0.95 on the
MRDD dataset, outperforming other detection methods and demonstrating its effectiveness and robustness.
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