.
pallly

AR B ERRE R P
THE INSTITUTE OF ELECTRONICS, IEICE Technical Report
INFORMATION AND COMMUNICATION ENGINEERS

B 7 2 O To B B #s O B 38
el PHAR Y FfR L2 N ARERS
NN mH FES
1,2 BRIEENL K2 HE NIRRT 240-8501 &) I RARETIR L7 AKX HEH7 9-1
1,4 VDT TR BR R A HERIE AR £ o & — T236-0001 #HZ3) 1| BRI T 4 9R X B FnlT 3173-25
2,3 BRI [ENT KRG PR 7R R T 240-8501 445 1| IRARIR iR £ X wils6 7 9-1
4 BLEHA IR S A% T332-0012 £ KR 0 HiAHRT 4-1-8
5 BULARFTEAT R R R IEE v & — T 650-0047 S = v o g Xk S T 7-1-26

E-mail: 1,kanasaki-takuro-nc@ynu.jp, 2,fude@ynu.ac.jp
3 kase-koki-kb@ynu.jp  4,daisuke@jamstec.go.jp,  5,ryoshida@riken.jp
HHEL BHRFEEEEKGHEVEDY 8 FOEEG A HWT, BRH.OLE 2R T 26 BT T L2 ERR
L. FEHRERCERAEFINC L > TED X ) ITHRHBEN LD D NOBRGEEEZAITIR o T2, FEERFEOREE, LBP Fri¥&E % A
WCHEEZAT 572858 013 5 25, HAAR-LIKE FEZ W THEE 2T 7258 50 b BMIERZEL TT I FENTE TV,
o, BROFERITRE LT VERE R LI WERSH 5 HR Do T,
F—U—F BE. BEEEE

Development of tropical-cyclone detection method using machine learning
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Abstract This study developed typhoon position detection models using machine learning and Himawari-8 cloud images
and verified how their detection accuracy changed depending on learning setting and typhoon case. As a result of accuracy
verification, the detection was able to be performed more stably when learning was performed using the LBP feature amount than when the
learning was performed using the HAAR - LIKE feature amount. Also, it was found that typhoons that are easy to detect and typhoons that
were difficult to detect were found by typhoon characteristics.
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