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(Red Tide Algea Image Classification using Deep Learning based Open Source)

TYCETE X

(Sun Park, Jongwon Kim)

FU) 3l Aze] W ofsif Gl A4 ek 7] whebd Azel dhstel B A7} o) ol
a2 AFOR Az oHAE sl FAARARS WS ARAE olnA FAe] G Fule) AT
of k. B =R 0Exs e YeYS ol§stel AR olNAE EFT 5 dE PR AAd Ak
P AL AR olvlA] ANEAS AP Astel WAZE TaQezst T2 ool BF 2RE ol

Eriss

et

/‘5:]

‘:]_O

o o K
ol

I, oE ool X
O

L 7
-
oo

]_

o]

B S0 - AxAE, "oy, oA &7

Abstract

There are many studies on red tide due to the continuous increase in damage to domestic fish and shell farms by the
harmful red tide. However, there is insufficient domestic research of identifying harmful red tide algae that automatically
recognizes red tide images. In this paper, we propose a red tide image classification method using deep learning based open
source. To solve the problem of recognition of various images of red tide algae, the proposed method is implemented by using
tensorflow framework and Google image classification model.
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