He g 4l R 22 4R Journal of South China Agricultural University 2023, 44(1): 24-33 DOI: 10.7671/j.issn.1001-411X.202204013

VAN, G, HRAE, A K IRTE T R BRI BOR OB S REJE [J]. R AR R 22243, 2023, 44(1): 24-33.
WANG Xiaochan, WU Yao, XIAO Maohua, et al. Research progress of intelligent identification technology in aquaculture[J]. Journal of South China
Agricultural University, 2023, 44(1): 24-33.

fmmmmc%
VLR

KRR SN R ORRRE

AAE®, KRR, YA, EOR

(A wRIEXFE T, L dwx 210031)

FEEE: B REIR BB K IR 5E e R TSR (R SR 20 T AR PR SR BB o /K7 97 )R RE TRl S S L ATt 7 5 4
MLASALBE R 32 S BOR SEIUK T A AN EAIE A S, 5o 24 7 4 2 v e O S I At A0 W 2 e A0, DA
LA S IR H o A SCNEYIRIPR R 5 70 2K SRR PERIRAANAT iR 4 S J7 H 704 7K 9%
SRR R REVRUB HOR BORIT SRR FEBILAR, B3R 17 7K™ 77 5 Hh SR A 2 B RE UM BOR MR, JxT 4> 5 7K™ 775
T RE IR BOR A AT TR EE, DA L BUARA B R R IR S 5 A B

RERIR): BB AKF=FRAE: FRE AN AR AT S M PR
RE 425 S96;TP27 SCERFRAERD: A SCEEHRS: 1001-411X(2023)01-0024-10

Research progress of intelligent identification technology in aquaculture

WANG Xiaochan™ WU Yao, XIAO Maohua, SHI Yinyan
(College of Engineering, Nanjing Agricultural University, Nanjing 210031, China)

Abstract: Intelligent identification technology is the key technology for the transformation of aquaculture from
crude to intensive. Intelligent recognition in aquaculture is to realize the monitoring of underwater organisms
and environment by researching and using machine vision and machine learning technology, and to judge,
analyze and predict the problems arising in production management for the purpose of automated aquaculture.
This review analyzed the research and development status of intelligent recognition technology in aquaculture
from four aspects of species recognition and classification, age recognition, sex recognition and behavior
recognition of organisms, described the main intelligent recognition technologies and principles used in
aquaculture, and provided an outlook on the future development of intelligent recognition technology in
aquaculture, with a view to providing references and new ideas for the modernization and intelligent

development of Chinese fisheries industry.
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