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Abstract: Vessel detection has always been a popular research topic in fields such as remote sensing image
processing, pattern recognition, and computer vision. As vessels are maritime transport carriers and im-
portant military objects, vessel detection plays an important role in a spectrum of related military and civil
fields. It has broad application prospects and high practical significance. This paper provides an overview
of the existing literature on vessel detection using optical satellite imagery. The development of optical sat-
ellites for vessel detection on the sea surface is reviewed. The physical characteristics of vessels in optical
remote sensing imaging are analyzed. The global research status of vessel detection technology using opti-
cal remote sensing imaging is summarized. The related theories and key technologies pertaining to the tar-
get detection model and architecture are analyzed and compared in detail. The problems and challenges of

vessel detection methods using optical remote sensing images are discussed. Aiming at the urgent demand
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for good performance and robustness of the algorithm in practical applications, some crucial problems that

need to be solved are proposed. The development trend of future research on vessel detection using optical

remote sensing images is discussed.

Key words: remote sensing image; image processing; vessel detection; candidate region extraction; im-

age dataset
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Fig. 1 Workflow of common vessel detection
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Fig. 2 Sea surface images with disturbance
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Fig. 3 Target detection architecture based on sparse rep-

resentation from remote sensing image
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Fig. 10 Visual comparison of saliency maps
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Tab. 4 Detection results of different deep learning methods
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