Application of CNN for fish classification
Kwang-bok Hwang* + Sirang Hwang** * Young-kiu Choi”™ - Dong-hyuk Yeom™ - Jin-hyun Park’
‘Gyeongnam National University of Science and Technology, “Pusan National University,
"Korea Institute of Toxicology

E-mail : uabut@gntech.ac.kr
o Oof
I =

o] thEZ < YA wt 2olFd waet EFAL I BEF ofF MAT dael 7+
23 g]le® HuHD o I ER T fYolF HAE AT A" 2 FF FHET|eo
Zag dAoltt. B A= olH @ Az=' el &AM 2a7] A4e AR FAHJ] Al="e A
1z gk H Bol EAY ¢4, EF 1Eln fi]’%"ﬂ ol2x dde HAAHFEE Held(deep
learning) % 3t4+?l CNN(convolutional Neural Network) - Hold Ase Yehl A 19
w =49 A4 EFAH AHEE CNNo| HlolH &2 0] &A% & =49 U4 s
FZ AEHAT & d7e HsT SAES Zde *77] MAES] &/l CNNS 2 -83h= Al 2=H
< A2AskA e

ABSTRACT

Bass and Bluegill, which are representative ecosystem disturbance species, are reported to be the most
important factor in the reduction of domestic native fish populations in Korea. Therefore, it is necessary to
develop system and field application technology for the extermination of these foreign species. Recently, the
CNN(Convolutional Neural Network), one of the deep learning systems for the recognition, classification, and
learning, has shown excellent performance. However, CNN data used for object recognition and classification
were mainly applied to recognition and classification of other objects with distinct characteristics. This study
proposes a system that applies CNN to the classification of fish species with similar characteristics.
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1. CNN(Convolutional Neural Network)
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