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AHI: Advanced Himawari Imager

AMI: Advanced Meteorological Imager
GK2A: GEO—KOMPSAT-2A

PAR: Potential Accumulated Rainfall
POR: Probability of Rainfall

QPN: Quantitative Precipitation Nowcasts
RR: Rainfall Rate
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rainfall start

l

Ingest current &
previous rain rates

l

[ Potential accumulated J

‘ Pre-processing ‘

l Derive the basis of motion vector }7

[ Inverse distance weight function ‘

l

l Kalman filter l

I

‘ Post-processiing ‘

!

l Extrapolate infermediate potential rainfall ‘

!

‘ Extrapolate potential aceumulated rainfall ‘

Potential accumulated
rainfall end
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POR start

Ingest 18 instantancous
potential minfalls

Derive POR based on rainfall Adust POR. by cunsudering
frequency < neighboring rainfall feature
’l’ - information
Post-processing

v

| Retrieve POR |
v
( POR end ]
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b AR 102 99 FAG-FN A58 JERE Y ARE AR AMI
A 9 AeSE dugse] 48 ARE E 20 2ot
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sl 2oz AGHITH(Lin et al., 2005; Cuo et al., 2011; Zahraei et al.,
2012; Wang et al, 2015). Z¥ 3] AA=HE vpg} o], 27| oHox= F
ARDS o] 3 We] ulsl gJ4Ho] e A3E Bl a8y S ol
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= AFo] "ot} (Zahraei et al, 2012; Wang et al., 2015). & ZAQ74-¢-=
dagFoME S ol gste] FqFF A Tt FARAGSEFS oSSt

a) b)

Entrapalaven of current waather

/" umy 2abellta & racar obdervatsons
Mesoscals NWP madel

Symophic - seas WP
el wath
7 Madel Dutput Statistes

quality of forecast
Forecast Skill

- * —

,' ""'-—.]_;"g;l[:tim

[ 12 8 4 30 15 ¥
lead time of forecast[h

1% 3 a) Browning (1980) 3 b) Wolfson et al. (2008) oA #|A]3st
AU} FAEEH o5 Ay vl

Forecast Lead Time (hri

QA 7IvbS & 27] TS dTedA s F3t ST a3, STt
=2 gold 7Ieke] 2ol FE T EATH SR 21439 3t =R T d
I gEo] #5YPYe] B A FHAES ol&d 2] dRE AlE=HI Qo
S FANEE o] gst 1] AR e] AL s AEst & A5 o]
To FAoke Aotk URbA QI AFAE e oy HAEY 8RS WU RS
54 QARE ol &st= Wilel FE AR Ao FAHE A dFFA
o NEFAHNE & 5 Aok JAFAHY 22l 92 Rinehart and Garvey

(1978) ¢ Tracking Radar Echo by Correlation (TREC)¥ Germann and
Zawadzki (2002)2] McGill Algorithm for precipitation Nowcasting Using
Semi—Lagrangian Extrapolation (MAPLE)©o] Qlt}. 9 AMEXFAHHHOZ =
Dixon and Wiener (1993)¢] Thunderstorm Identification Tracking Analysis
and Nowcasting (TITAN)¥ Johnson et al. (1998)¢ Storm Cell
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Vg1, Pr-1. 2

2. Compute predictions :
Uy =AUy
P =AP,_1AT+Q

N

3. Compute Kalman gain:
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Symbol Name Values
1100
0100
0011
0001
6000
0600
0060
0006
1000
0100
0010
0001
(1000)

A State transition matrix

P Error covariance matrix

Q Process Error covariance matrix

H Measurement sensitivity matrix

0010

2
. . Az 0
R Measurement Error covariance matrix 0 A
T
t

A System state vector (vm U1,t>

Measurement vector (Asct Ayt)

kll k12 k13 k14)
k21 k22 k23 k24

K Kalman gain matrix (

AZE 2" A5l A, H, PSl Qe et % o5 WE o] grol webs] wE
L 2w AE Y gE oY /b W5E 23t AY @

1% FA4Y B BRAE Fa 108 149 Wl AR
2 2

& s Anee 49uEL
o3 g Aoz thed % gl

P=Y)on,)x100(%) (12)

t=1
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3. Zoxg 4 A=

3.1. B 1A 3l ASAR
AMI 2%7] el s SuFe] 2o JHAsREE AMISH fAH Y-S 1
F3la Yy AEAAH (JMA, Japan Meteorological Agency) 2 AA A=A
Himawari—8 $/do] &A1¥ AHI AA 2 A5 &5 o]|&35le] AlZH = AL%H 27) A
Ao AMI Z974% ARE AFESHH(I™ 5). Y¥AERl A9AE AEE9 AE
.

W g B 52 AMI A4 E 2aglE A A (Yonsei University, 2019) &

ZFa1 gk}

drgF2 1870 Wi 10% &9 FAGTEF ARE AR

= j=
AAZLSL BSEE AR A AMI 347 FALSFE )
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Potential Accumuinied Rainfall ram]  Potential Accusulated Rabnfall fmm]  Potential Acesmuluted Ramfall fmm]
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3.2. A=W
AMI #AZ5-= AAEE> AMI 945 A3 FAtsHAl, g4l 424
AALsHE A7et A% ArA xRS st4 70 A4S HASHE Fhel e g3
AANFSeFS A=, AZde AT AALA
of = ZF¥#AS(correlation coefficient, Corr), ¥ZF(bias) % FWE A (root
mean square error, RMSE)7} &8=m, 7te|ag] FgdE AAA o= A&
(probability of detection, POD), 7}&A]& (false alarm rate, FAR) ¥} Heidke
Skill Score (HSS)7} Xgreltt. AFE® AMI 79252 AMI 3AIRE 244532

Eel ot o

H5 o E AZsreh ASgAel AMI 3A17F A0l 1 mm ol A¢-
o= 100 %=, 194 L& A= 0 = ZF9ES AAste] Add 23

¥ duds AEsd gk

3.3. A=42%
3.3.1. AL ZF A543
20173 79 Z5AH (20179 79 249, 259, 28, 29Y, 30Y) oA AEH
AMI I8 A AML 32 w4725 9o wastsleh A2 AMI 241
ekt AMI 3A|7F

FAGS o) MRS a9 7ol depiglth £8 E 69
sger 9 AEae AEE A4 ARE ANt ¥ dungFEe HEtEs
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9 7 20179 79 ZAAME (2017 7€ 249 194, 201749 7€ 259 034,
20179 7€ 284 164, 2017d 7€ 292 03A], 2017 7€ 309 034], 2017
79 304 164D oA AtE" AMI FAZFZ AMI 3AIZF 738739 AFo] 9]
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=
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=
2ef

36 AMI FAG-#F dadls abs Ayl AMI 3AIRE A7 A5d 3

Type Scalar Accuracy Measure Categorical Accuracy Measure

Case Corr (ii; I?Xri)E POD FAR HSS
S 0.641 0.009 4.867 0.717 0.290 0.636
03100-06:00 0.630 | —0.153 | 4.609 0.659 0.292 0.606
S 0.699 | 0218 | 5584 | 0702 | 0.290 | 0.621
e 0.754 0.460 5.385 0.726 0.258 0.665
ot 0.714 0.133 4.390 0.703 0.279 0.641
SN 0.684 | 0334 | 5442 | 0713 | 0.284 | 0637
Average 0.687 0.167 5.046 0.703 0.282 0.634
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E E g z.?é
é 5 é iL::;
2 £ i) e O i 26 @ 20 a6 100 130
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a9 8 oS AlZto]l 1AIRHEE ), 24 OFeH D), 3A(LER d) A H
AMI 73923k AMI 147 F473-9%2] UEdds
® 7 AMI JFAGTHF AEEC] A5 APE HE A
Type Scalar Accuracy Measure Categorical Accuracy Measure
Forecasting .
. B RMSE
lead time Corr s POD FAR 1SS
(mm) (mm)
0~1 0.678 0.102 3.145 0.766 0.199 0.644
1 ~2 0.497 0.292 4.257 0.694 0.277 0.518
2 ~3 0.419 0.421 4.714 0.654 0.316 0.453
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® 8 2017 7€ ZrpAbdelA AMI ZF9-gtE daigls AbE Aol AMI 3A1%H
FARSY AEAY
Categorical Accuracy
Type | Scalar Accuracy Measures
Measures
C C Bias | RMSE | FAR HSS
rr

e © (%) (%)
2017.07.24.
19:00~22:00 0.627 —-10.200 | 41.058 0.510 0.191 0.552
2017.07.25.
03:00~06:00 0.509 -12.176 | 41.404 0.446 0.174 0.510
2017.07.28.
16:00~19:00 0.562 —-10.563 | 41.854 0.524 0.184 0.560
2017.07.29.
03:00~06:00 0.566 —-10.275 | 39.569 0.523 0.159 0.578
2017.07.30.
03:00~06:00 0.537 -10.500 | 39.933 0.491 0.176 0.548
2017.07.30.
16:00~19:00 0.634 —-10.347 | 40.776 0.514 0.180 0.560

Average 0.573 -10.677 | 40.766 0.501 0.177 0.551

2017d 749 244¥ 304 AFAtECA AbEE AMI A-gEI AMI 3AI%E
FARSEHSE 29 119 Yehdisle AtEd hegE &l 9 7
$7F yepd gEo] ¥& Jdv 17 11 YERALh AtEE FegEo] 50

o]l ¥ AAE AMI 3AZF FAA-FFo] YEld o] & dA ko .
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