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Underwater crowd intelligence

WU Tingting', YU Zhiwen'?, XU Jian®
(1. College of Computer Science and Technology, Harbin Engineering University, Harbin 150001, China; 2. School of Computer Sci-
ence, Northwestern Polytechnical University, Xi’an 710072, China; 3. College of Intelligent Systems Science and Engineering, Har-
bin Engineering University, Harbin 150001, China)

Abstract: Underwater intelligent systems play an irreplaceable role in key areas such as marine resource exploration,
ecological monitoring, and national defense. Faced with the complexity and variability of the marine environment, tradi-
tional single-agent systems exhibit limitations in operational efficiency, environmental adaptability, and task coverage.
Underwater crowd intelligence, based on multi-agent collaboration, offers a new technical pathway through distributed
sensing, cooperative computing, and adaptive control. This paper systematically reviews the conceptual evolution and
research progress of crowd intelligence, identifies the core challenges in underwater environments, and proposes a sys-
tem architecture for underwater crowd intelligence based on the “sensing-computing-collaboration” paradigm. Within
this framework, it elaborates on three key technologies: intelligent sensing, intelligent computing, and intelligent collab-
oration. Particular attention is given to emerging directions such as cooperative computing under communication con-
straints and intelligent decision-making across heterogeneous agent clusters. Finally, the paper outlines future prospects
of underwater crowd intelligence by examining its applications in marine resource exploration, underwater environment-
al monitoring, and underwater security.

Keywords: underwater crowd intelligence; communication-limited; multi-agent systems; underwater acoustic commu-

nication; intelligent sensing; intelligent computing; intelligent coordination; edge computing
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Table 2 Comparative study of multi-source and multi-modal data fusion methods
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