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Abstract: High-precision detection and recognition of vessels under sea fog weather conditions encounter numer-
ous difficulties, and traditional target recognition methods rarely achieve satisfactory results. This study focuses on
detection of different types of vessels under complex sea fog weather condition and proposes a new real-time ma-
rine vessel detection method based on YOLOv3 deep learning. First, a discriminative method for clear and fuzzy
pictures (e.g., sea fog and rain) is constructed to realize the classification and processing of picture sharpness. Then,
to improve the detection precision of marine vessels under complex sea fog weather condition, the dark channel
prior dehazing algorithm is used to suppress the effect of sea fog occlusion on target recognition. Finally, real-time
detection of vessels is performed on the finely processed images on the basis of the YOLOv3 deep learning algo-
rithm. The experimental results show that the proposed method can be used to efficiently and accurately detect
vessels under sea fog weather condition and has certain theoretical guidance significance for research on target

vessel recognition under complex marine conditions.
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