Extended Abstract / 109 K& Bl FEE RE & / 2020 Conference on Weather Analysis and Forecasting, Taipei City, Taiwan.

{5 R B 774 | H #£8at I E R RET e BE
I L PR A A

BECE, BR, BYE e mEsl, RER
B TR ARAT FRESFREEERL

wm E

HERERS R B 0t T i 22T RV BRI - G SRR R - A RS
FEBUAREIIC RHEE - [REFHIRERD RS 2 R @ =(EaT (s - R ETHEN
EEEL I T 2 B B R TR B % - PR BT A E SV &S SR A OB Y 2= [ » A LFEsEA A B
ZEBYH B Bk RO B E T A AR S R R A

BT b o BT R 2RSSR A HIALA NG B K BRI S - M T B E KR
HUSREZ R o ARG DUR S5 ML R E B Bk I ERNREEESTE T
2016%(20184-7 ~ 8 H F 201947 H HY-+47 SE R\ EEARATFEEOR) o AETHACAERE 2 [ > Bl
T SR SRR - B G R BHEC R4S (Convolutional LSTM) ~ GIEMHAR4EES (CNN) -
B 4mtEes4di% (Autoencoder) ~ 73 ZN48H (U-Net) ~ 4l 514958 (CGAN, WGAN)

H iHV4E IR LB BC B IEE M ETE T Ry dmties M s s iy B dmibes e Es Ay » F1U-
NetfERUAY & SR - B i 5 FH Y BITHRE 6 2 HE A 2 R EE bR - R B R AR 1 A

PRFEAL_EAREERRIASN - BHEMIHY H R Mt A R AR -

BRI« AREEE, R EEN, RS

1 Arg

119604 55 — RRK LR 2 BUH £ TIROS-17F
Z2t%  NEEZEH RS 2 BNPRE IR R &l
P PR A B DR A HE 25 R ER AR BB B A1 PR
R KRE S EREBEE - FREREREE
FIHENAEER 58] TEFHIRE - BRIIE
BT » DURTHER = 4 K o e P 1 22 LY b T
REEE  HidENREEN TR  NiEZfR R
i P RO B R - R BN A
SRR SOt RS R EFARY A B DR
I FH SR G 18 2 M A1 S0 A i A o g SR ~ G ~ 3R
JEUR? S 2 PR R SR AR SR

HERIE] D R G e B HL A R e S NI K o [
EIHYESS - (H RN BTt RAIPRE] - Bk
G2 R Gt 2 P RE EY BREs - PR LB E A
A] RO~ ATHMR ROKRSRE S » HAEMLIESETH foth =k
YRR R S G « AR HBR (A0 R 2 -
W2 ABEE N - —H HEEEE — &R AR
REIPRS] - (EEEE T B 2O F RS
4 SSM/1 (Special Sensor Microwave/lmager) ~ GMI

(GPM Microwave Imager) * DPR (Dual-frequency
Precipitation Radar) < #%8h 5 F BB - =]
FROLLEIE 2 R B AEREAY R SR S B A

H AT A 5 BRI R e A 2 PR Y D7 A R BT
73 B =350 1) {50 PR i 22 A R0 R SR 8 S e PR S
BEAYEORIMETTHER (Chen et al. 2011, %8 2002, #i%
2008) -+ 2){sH FH H K [F] 2 fify 2 Y e A 17 ek i 4 £
(Huffman et al. 1997, Hsu et al. 1997, Z#%F 2011) > iE
FEUT AR EREE ] LURHHE (S BB ] 2 19804F4X
EREIT RAERDH - )R & i M Ea 8 2 Rt IR [F)25
T R AYELHIE R Joyce et al. 2004, Kuligowski 2002,
Tanetal. 2019, =% 2012) - fE(HEHAEESLE - K
AT RNE: 1) 4 HEIER 5% (Joyce etal. 2004,
Huffman et al. 1997, Kuligowski 2002, Tan et al. 2019),
2) NILEETE  AUEHES 4R (Hsu et al. 1997,
Hong et al. 2004, Sadeghi et al. 2019, 2[5 2001, #i
% 2008, 2011).

TESE RSB & BR S L T I B 22
WG o B S REAR R R IR - HAT
BT Ry R A4 0 = B AT IR R R 22 T8 7€ om By NOAA
CMORPH (Joyce et al. 2004) ~ SCaMPR (Kuligowski
2002) ~ NASA IMERG V06 (Tan et al. 2019) -



Extended Abstract / 109 4F-K 43 0 BLFEE I E € / 2020 Conference on Weather Analysis and Forecasting, Taipei City, Taiwan.

PERSIANN-CCS (Hsu et al. 1997, Hong et al. 2004) % »
k97754 0 B T PERSIANN-CCSER FHHIZK 48RS 77
% RE o BRI [E1ER 5 7230 (5 FMORPHing R i
fiCiRF ] R ZE IRV EORHEA - DU RNV 200 E
52 ) [5] — @Ik — H W BRI PR -

BT ESR  Ranth @M IR E R R @ E B
BUIERES - (EBUHISE - 2208 RS R bR R
&R - FEEEE AN E _E+HEA T
HivEEE - ATIFE R A 0 2585RAVEUIE R
RS S EE B KR (QPESUMS) Bk B2 U5
VAN BB IRk R 48 R HE A A AY - B H i
RS FH B RIS 22 [ Pl A 2 A T TSP LR -

2. BF

2.1 A FI 3583 S AR
TR T E BRI R R A

s EZe ] R R AT AR A AT DG

ALHMNGR R /KR SRE VARSI E - FHMTSAT-1/215(EHE
B A H 258981 16{HE - Feft T Rk
RIBIVEER - ALYNRIEIE AT E FHGMS-5/Y5 /A B
FEFFEIMTSAT-1/20940 B R [a] H 2585% 92 0 B - R
TAEFE A H 258595 5 107 $EHE it — R AVAL IR K.
FKSRSHEBUHE R

2.2 QPESUMS
QPESUMS £y i % [ B 22 2 & /KA 51 (QPE)

FEdh > 1057 S ER BEAT LA B AT FE Y 1/ N B R

PRI o AR AE(H P I 2 A i Rsll ok B AR} -

2.3 CWB-SCaMPR, CMORPH RT, IMERG V06

CWB-SCaMPRIE (L1047 582/ B g Y 2
FEEPRIFEEAL » FEAHAEEENRF1557 8% - CMORPH RT(real
time) F5sNOAA CMORPH Z51HYB[IFF 2 it - 23047
58 BT S It SR P PR A » 28 B IR R 2/ N
Bf - NASA IMERG VO6$2{:3057§# 10/ B g hfT s
BRI - B RIS R4/ NI - iR
SREAE R HE (G [ PR R TERES -

2.4 BRHREHIHIE

SR E RIS 7201651201847 ~ 8H K
20194F7 H 191057 $#2/ BFRHT AR - I HEiE R
119°E-122.98°E, 21°N-25.98°N > AZ_Ffir A BLAF R L
BB TSI - 201948 H FY R A RIS,
TETRY o

3. Ik

3.1 JEE K CLAVR-X

M b LB — R ENT T A g FE o]
DA e e g T Y R RE « B b FR AR
AR A FEEEE T ANHIRMEREESE - B
HYFRH AR A LA SR B A 28 H P i T P fER e
RE & RN 5 oK R AR R AR RS -

A TAEE#%Mecikalski et al. (2010)F1S0 k% Shin
(2018)1utH5E » FI F ) H 2585 S AR E RV R > AT
SN R ARIEE R} > WEF LA T RYAHEZE: 6.2 -
11.2um > 8.6 - 11.2 ym ~ 11.2 - 124 um ~ (8.6 - 11.2
um) - (11.2 - 12.4 um) » DUSEIE BV EUE B
i A B - 5546 0 i f#E FCLAVR-x (Heidinger et al.
2014, FE552014)7% B2 (cloud mask) ~ Zf&E#H (cloud
type) ~ ETEFEE(cloud top pressure) 5z ZETE 5 & (cloud
top temperature) &5} ©

3.2 FIEEE A RS 2N
e aE T I EM RSN T A R R
J372 o JETRESAEER Y T A ERE T AISVM ~ Random
Forest ~ XGhoostZ » 3 48 —= (&l 4% & iy FHaC Mg 7%
E Rl Ry RSB o A TTAR e Sl - g gl
FHIE AR AR 7 725 A A 1T 28 P W 3k e e PR 4 A
(B FEAIAY @A B E &R 8T
A EE% (Incremental learning ) FI52RETHH
U rhaais (Y B E2 35 (transfer learning) - {H&HES
= BV ITEAR » B A& GEH I B e e
BIERETE IR -
(IR f B A AR P ORI A B e A A A
KRBT
1) 252 g th & 491 (fully connected DNN) -
HIEGE A AR ERRE - RRERETED
Fifel - T2 BRI AS R — e kI - Ik
— &L o GREIHAS A RS (CNN)LE A E E R AR
B SRR EE > ER e B 2
TR E & A GRUB IR GRE 28R -
2) DenseNetfIConvolutional LSTM - 3l|&k45 E &
HERE T A I BE 2 E BT - TR
ERIHTE AR5 > A2 E AN AR -
3) & 1E H 4 15 49 % (convolutional autoencoder) -
{IREEPERSIANN-CNN (Sadeghi et al. 2019)1922#%
DR H 22852 AT4T S MR (10.4 um) Kz 7K 5E(6.9 pm) i
{EAF AR - R RRAE R ERE RS - 53
E— TR IRFHEAIAIMERE - AR R
1% 1 bR 75 7% 5 PERSIANN-CNN- 24 (Tsay et al.
2020) ©
4) U-Net - A& T {F 2% PERSIANN-CNNHJHE tETT
IR AR SAHE R [EHVEE - o3 A AR [ERY
G5 g AR K o (B ) e OB A 0 P 4% i Skip
connection < {2 {5 4 21 1% [ HY A B8 2 LAFR T T
ERIGTVERE - 2 BIRATRRATE F5U-Net-24 -



Extended Abstract / 109 4K 535347 B T

5) 4& Bk ¥ P 49 % (Generative Adversarial Network,
GAN) - DUl F BLE Y Deepfake s il {5 2 A
FAGANFYR Al > {EGANHL DA SR SRR S UL e
% » A TE£°% T PERSIANN-CGAN (Hayatbini et
al. 2019)YZ2#% » Ll Conditional GAN (cGAN) fz
Wasserstein GAN (WGAN)#ETTE S, » HATHERIAY
MERENE A AITEIA - AN AY3.3 K 3. 467 H # 1 ¥ H A1
MERERSAF VIS AL EL TR -

3.3 GfEH 4RIBLEEE (PERSIANN-CNN-X)

J& J Y PERSIANN-CNN H 7 722 1 i 4H 5 75 &
FAE GOESAL 4 (10.7um) Kz 7K 53.(6.7um) #8318 1Y 45
B0 AR TAER TR FAFITE R (RIGERIVES
BUCHERAIEESE Sy RN EEE AL MG ~ =2
KLHMGR ~ KRS - TEAYIEIREE -~ HME R REEL
R > B LGRS A RS G oy I B X (E A 2
KEGETHVREE - AGAE N — B R R B A
—HE > DAY THAR IS ELAC U T S AR B R
BEHB T A TEIHEHER S » Hhas T
E S A R (1 6 e A A B R 4R B A Y TR
I DA TECRIAE [E R 2 (B1) - SYME il E
Residual block (He et al. 2015) LA o7 AR IS fITAE i 2HE fe
RN

SE2EE

uuuuuuu

&1 PERSIANN-CNN-{ Zef &l

3.4 U-Net-4

JE RRASHU-Net (Ronneberger et al. 2015)i R A
H APFHEEAE —E > (EHIE R R AU 45 SRR RE A AR »
RIAEHR I AERMKIRFE - NG E % (E
2) » MEREFRTEA D o A i A A G R A R
PERSIANN-CNN-Z 2 H—fZ o

[T & /2020 Conference on Weather Analysis and Forecasting, Taipei City, Taiwan.

L H ]
~}_D

A
T
AL
I
i,
(RS

2 U-Net-I4 22 =l

4. SEREPALELER

FHREIRE KB HEY - REMRETTEAIE
HURFPEE 7% » R TTAERR T 7K R pR o A i HY EL 4 -
T I E PRI E (R EBI(R-squared; R?) ~ H5RER 2=
(root mean square error; RMSE) fz T8 JK 15 47 (threat
score; TS)#K EL#ZPERSIANN-CNN-I4 ~ U-Net-4 -
PERSIANN-CNNRIHE (R & - BIERITIESE K5
A CWB SCaMPR  NOAA CMORPH RT - NASA
IMERG V61 ZFMTERHE MRS - W12 3EEiHY

» 201948 H AV ER Ry &)

4.1 FFRE

3 By &% &R EBLCWB QPESUMSEL# 1% 45T
SIMTHIAESR - [E3a KRG [E] (boxplot) » RZELFEIT
143{E > [E3b ARMSERVFETEE » RMSE#NELE »
3¢ B TS(FFR &=0.5mm/hr)VFETEE » TSHBET 1 fnfE: -
1EiE =4t 9 2 » PERSIANN-CNN-4 (a-c Y
TS — () e U-Net-ii (181 3a-c AT /8 58 () > B
HAYHOE T PERSIANN-CNN([E3a-c A 25 8 55 = ()
HIRGAE - BIE T HIRE PR & RHEAELL - R A BT
FH -

(a)R? (b)RMSE (c)Threat Score
(BERTIRE) o (EEEORE) oo o8| (MERETRE)

b | 50
H Mo Mo PERS~Ner ERSI\HE 5 EMORn MR,
. ag W~ WP LRT SAN S, SN =Ty oMy LT

&3 5 R P HEL B ELCWB QPESUMSI R
ZTEL#EL: (@) R?, (b) RMSE, (c) Threat Score #57F
& (box plot). PERSIANN-CNN-Z & U-Net-2%
DIk 4T 4 (, PERSIANN-CNN LSS (674 (71 L 5
{ER1E 1.



Extended Abstract / 109 £ K @ FTELTEE =& / 2020 Conference on Weather Analysis and Forecasting, Taipei City, Taiwan.

FH20194-8 H 4 H08UTC(16LST) 25 2 [ bR
STATUEZ2 5] - SR B LAY L LR R T
LLARPE 2 LLIRE A 1% B AR R (Bl 4a) - ARIAY 2[5
PRIHEf (Bl 4b-c) BHEEAE R PR & e o3 A1 = - 3R AR
B[ PR E ([ 4d-F) R -

B4 20194E8 4116 LST 1/ \i% ER4FIE: () CWB

QPESUMS, (b) PERSIANN-CNN-Z4, (c) U-Net-24,

(d) CWB SCaMPR, (¢€) NOAA CMORPH RT, (f)
NASA IMERG V06 - (a) 585 2 & B IR HE(S, (b)
F(C) By A e B2 BRI I i 2 e pR A, (d)-(F) By
H RI{ESE Kbt 7e FE R BIES i 2 R HE (L 2 -

[&5a 55201948 H 13H 16UTC(8 5 14 H 00LST)HY
TEMERMGE - & H T RESEBEEINGAT RN
F#%FK » CWB SCaMPR([E5d) A fili fe E KBS HY IR
CMORPH RT([E5e) &2 IMERG VO06([&E 54 H 23
Hj%w%éﬂﬁ PSR B i B2 o PR ([ 4b-c) A Ee 4Rl
HIRRTT ° 20194F8 H AT A YHRE PR R/K P43 A L
& > HT urun HAE T #EE S

| (b RSIANN CN ESZ

l5 Hl4 H HE2019£ES H14 El 00 LST

42 HiE

HF24/ NF NI FR 2 RS S H IR & - [B6 fy % &
FHEQPESUMSEEBL R IR 5T AT A4S 5 - [E]6a fzd
B R2 K 1 ERY 56T (boxplot) » Rk H:T 1 i » [El6b
e FBsRMSE K FERIFE TP [E] - RMSE#/ N - &6
Fef B TS(F Pl B> 1mm/day) K $ FERFE TR - TSHEE
AUAIE - [EE =TSR AT S HISETE
HAEL » B IHAER » PERSIANN-CNN-24 (& 6a-c 1
DAL =AY, d-fh /285 — () fzU-Net-£g
(El6a-cH 4T 2,008, d-f iy /=185 () - BHEE
HY i #E T PERSIANN-CNNIE6 (a-c V4L (B2 .00 7
B, d-Frh g/ 18 58 = () YRUEE - Bl BRI &kt
BEHALL - EIREAAE R N PY S AL R B 2 - 4
BN PR & > H I EHVSRE T as SR iE  #HEih 2R
R4/ NIF 0 B IS EHE/ NEE R B 22 B AR -

. (a)R? . (b)RMSE . (c)Threat Score
(BEmE1HE) (BEREORE) (BEAIHE 4 &
0.8k o i =] I

0.8k a o Ao
A oA O A -
07 R £, Mhoa e U8,
< -5 o & Ao A
6 R .
R L I _ K
r T Ak Ay -
" C e i A Q
R S i I is'-— . .
~
- A 4 AN Y-S .
X ] l:::‘ 'Y 5 4 * i
.
i I .
. -
LSitee AT v..
20 3 8/5 10 0 2
50
L (R (e)RMSE
07 @EEEIAE) | S[@EBIRE)

o o o
@ @

o — i
&

’ (f)Threat Score
TF@EEOIAE)

[E6 &2 H R ERHEECWB QPESUMSEER
STLE#T: (a) R?, (b) RMSE, (c) Threat Score Bfffi
fiE, xiih £y H HH(20194-8 H1H 231 H). (d)-(e) &
FEEFERTFETEE (box plot). (a)-(c) AN s Rl
(2019/8/1~8/31). (d)-(f)iyxiih Ky ERt4TH, (K7
EsPERSIANN-CNN-£Z, U-Net-1%, PERSIANN-
CNN, CWB SCaMPR, NOAA CMORPH RT,
IMERG VO06.

FH201948 H 11 H Ay & R R il st o AR &>
& HAEE BT AR K R IR A AR
TS PR B 22 (1581 7a) > ABE7RY ) ey 2L % PR £ (%1 7b-c)
BHEEE PR & R oA b o ERIR A A1 R 2 i (B
7d-f) AR EAIFRIA - 2019458 H FrA Y H FRE/KFE5r
tbfeE - o DAfE IS EHAE P2 -



https://tinyurl.com/y2f7gxhn
https://tinyurl.com/y42xofcn

Extended Abstraot/logip SR T B TE SRS

(d)CWB SCaMPR

i
]
|

]
LS (e)NOAA CMORPH RT

41_1_1_,_]

&7 201948 H11H é’i%aﬂﬁa (a) CWBQPESUMS (b)
PERSIANN-CNN- %, (c) U-Net-, (d) CWB

SCaMPR, (e) NOAA CMORPH RT, (f) NASA
IMERG V06 *

4.3 [FPRY H s R

HfiGE2 (diurnal cycle)fy2 8 M H 88 E
HIE By > Ky T W R R B2 AT I T I
M > 201948 BN/ NI R PR B T B R H /NI S22
FEE 24 NI H S35 975 R A T BE B A (FFT,
Brenner and Rader 1976)15-%/| & [ &Y HGERAH
fir (phase) Kz #izTE (amplitude) » 7 #EFTERES -

8 - &i75H 7 A AR AL AR > ATOE R AR
FRIRMEAR/IN > B 7 2= 0O - B eR5ZAH 1L
4 (cosine similarity) /75515 T #1CWB QPESUMS%E
R ([E8a) yFH LI : - &LaEEhi: » PERSIANN-CNN-EZ
(11 8b) B U-Net- 4 ([&8c) A LL i HAth & st 2 CWB
QPESUMSHYZEH » A LU TR -

o TEEMRLEIERE] = AT Y 2 REALRE 4R IEEHY
HE A7 IS A B BEAY 75 2 - PERSIANN-CNN-Z Bi2U-
Net-2f A Z2IHZER - BICWB QPESUMSEEEH#
i)i o
B EIEE N FE KRG Loy A o
PERSIANN-CNN-Z #1 U-Net-£¢ #iRCWB QPE
-sumsttiﬁﬁw °

o Tk EEIUE > AAAVIFRT R L1085 0 H
BHE— flﬁﬂé 5 [ & RHEECWB QPESUMSHE
6 - B 4 s R ER - 2R A8H
15H B4 iE—EEsA R RRI KRS - ([H2H
RUPRA B PR TR & L B A e -

N e / 5=
a4 At 4l
il . 2

S (b)PERSIANN -CNN%[F(e)

120°E 21 SE _122% E
(oot }C AS{ORPHRT)
ile )

R
‘(a)cvyB QPESUMS,|

120°E 121°E 122°E
PR)
r

s “w/g 1

L)W scameR |
120°E 121°E 122°E

] (e)NQAA CMORPH RT,
120°% 121°E 122°E

&8 201948 A [% Rk H & & (diurnal cycle) B9 #H fir
(phase) & #E1E (amplitude), (b)-()HY @ 5% &
Hl 81 CWB QPESUMS #y &% 5% #H {61 14 (cosine
similarity; CoS), BESfa & fHLl, #r e e Rl
()CWB QPESUMS, (b) PERSIANN-CNN-{%, (c)
U-Net- 2, (d) CWB SCaMPR, (d) NOAA
CMORPH RT, (f) NASA IMERG V06 - 4 & 43 5
{ECWB QPESUMSE it » 228 Hh g i A HH
MRS TT -

) mNAsA IMERG vop

O°E 121°E 122°F

5. &5

o7 ETHBUHE sR LIS TR & R B0k A B
AR o (R RS EAL RN ETY E s & 0k
AORAG B 2RSS - DRI RA K
RIEETE > LHEE RS T EBMEE W ET R
R N SEM DI <

NI AR B 7 A S E A B
%Zi—%ﬂﬁﬁﬁ ATEEAERFEELE T EES

RECE IR T R AV B PR R A A ot (T T —
f%ﬂ%iﬁﬂ%fﬁéﬁ%ﬂ%@%?% o

AT AE(E A IR H 25898 2 HIE AL IR ~ 7KKV -
BRIEZE ~ Wi N CLAVR-3E B E YRR &k
LIQPESUMSIH Ry HEEE L - 1T &I I i i 2 %
PRHEME RSN SR - H RTAVEE SR o] DA TR 2238 Ty
SEATRELL A R AT A RS 7T AR A RE SRR E 2
PR S R RE - ¥/ N R YR R IR SR A R

i - BEGAVIEREA LRI T e K A EanfE -
I RTAT 2R ER R R )y ] LUK AR A3t 5 R 5
EIE

o H R GRIF i AU MERE - B RTAVRERERY
2ot DGR E 4w S 4% (convolutional autoencoder)
T - E4RIEAEER Y S 454, ¢ VAE (variational
autoencoder) ~ VQ-VAE (vector-quantized variational
autoencoder) & 5 /'y 2 — 2 AU R B Y 2R BT 757



Extended Abstract / 109 £ K @ FTELTEE =& / 2020 Conference on Weather Analysis and Forecasting, Taipei City, Taiwan.

a1 - GANTE H B HIGUIE AR EE A AR 704 - ke
FHE IR T 3 R LA,

o HATAVIISRE R R7~8H - HEH A R REHIR
A > R ZENE -

o L TAFHY HAR Ry 5% 28 F AV IR RO AR AY > p i AU FECH]
NS EREEDT - AU ST e B e M T2 e Y S48
A BCERZER] - et B DR ST BRI R R &
el SR RIS Y B T AR R R A A S -
v (BT En e QN BN G s

o WIRARY T AF Ry 1L 508 G Y 1 22 PR PR i A AR
AR AL Ry B - T SR e it ) i 22 R PR
A -

Bcht
P SRR 0 R ESR S CaMPR
EFR RO -

SERR

Brenner, N. and C. A. Rader, 1976: New principle for
fast fourier transformation. IEEE Acoustics,
Speech & Signal Processing, 24 (3), 264-266.

Chen, L., K.-C. Yeh, H.-P. Wei, and G.-R. Liu: 2011, An
improved genetic programming to SSM/I
estimation typhoon precipitation over ocean.
Hydro. Process, 25, 2573-2583.

Hayatbini, N., and co-authors, 2019: Conditional
Generative Adversarial Networks (cGANs) for
near real-time precipitation estimation from
multispectral GOES-16 Satellite  Imageries-
PERSIANN-cGAN. Remote Sensing, 11, 2193.

He, K., X. Zhang, S. Ren, and J. Sun, 2015: Deep
residual learning for image recognition. arXiv:
1512.03385v1.

Hong, Y., K.-L. Hsu, S. Sorooshian, and X. Gao, 2004
Precipitation estimation from remotely sensed
imagery using an artificial neural network cloud
classification system. J. Appl. Meteor., 42, 1834-
1853.

Hsu, K.-L., X. Gao, S. Sorooshian, and H. V. Gupta,
1997: Precipitation estimation from remotely sense

information using artificial neural network. J. Appl.

Meteor., 36, 1176-1190.

Huffman, G. J. and co-authors, 1997: The Global
Precipitation ~ Climatology  Project (GPCP)
combined data set. Bull. Amer. Meteor. Soc., 78, 5-
20.

Joyce, R. J., J. E. Janowiak, P. A. Arkin, and P. Xie, 2004:
CMORPH: A method that produces global
precipitation estimates from passive microwave
and infrared data at high spatial and temporal
resolution. J. Hydrometeors., 5, 487-503.

Kuligowski, R. J., 2002: A self-calibrating real-time
GOES rainfall algorithm for short-term rainfall
estimates. J. Hydrometeors., 3, 112-130.

Ronneberger, O., P. Fischer, and T. Brox, 2015: U-Net:
Convolutional networks for biomedical image
segmentation. arXiv:1505.04597.

Sadeghi, M., A. A. Asanjan, M. Faridzad, P. Nguyen, K.-
L. Hsu, S. Sorooshianl, D. Braithwaite, 2019:
PERSIANN-CNN Precipitation Estimation from
Remotely Sensed Information Using Artificial
Neural Networks - Convolutional Neural
Networks. J. Hydrometorology, 20, 2273-2289.

So, D. and D. B. Shin, 2018: Classification of
precipitating clouds using satellite infrared
observations and its implications for rainfall
estimation. Q. J. R. Meteorol. Soc., 144, 133-144.

Tan, J., G. J. Huffman, D. T. Bolvin, E. J. Neklin, 2019:
IMERG V06: Changes to the Morphing Algorithm.
J. Atmos. Oceanic Technol., 36, 2471-2482.

Tsay, J.-D., K. Kao, C.-C. Chao, Y.-C. Chang, and S.-Y.
Wang, 2020: Satellite rainfall retrieval by
enhanced PERSIANN-CNN with Himawari 8
multiple-spectra  channels. Remote Sensing.
(pending review).

ZEEE, 2002: TRMM UKz & T 2 i 5205 2 g
M, BN S o IR T ER e B R ER A ST AT 14
+:3m

EEAR PR, EEER, B, SHCAL 2012: 45
B RO RALIMNREE R BRI E 2K,
101 EX R PR &, aEaL.

ERERE, A, K. Heidinger, 5 4, EHERE, 2015: #
BRIED 2 2 m] HO S AL AMNR B T AR 7 o,
104 X7 iR &, aEalt.

RUEIE, BIFETE, ZIE, 2001 FEMHACHEE (s Re
JEfE K Z W58, i Fme v &, aEall,
179-1852.

e, BEresR, BIPRSE, BELE, 2008: 455 SSMII
i B BRI BUST AL AR HE (0 e[ R &2 2
WoE. ARFIEZ, 36, 147-162.

A, ER, Fl¥RsR, 20110 (ER4LLIR

SRR BUK RARE 72 CCE R0 5 2 R A

EEJEFEX R TS, B e L.




Precipitation estimation over the
Taiwan area from Himawari 8
multiband observation using the
deep learning method

Jeng-Dar Tsay', Chun-Chieh Chao', Kevin Kao",
Chun-Jen Lin', Shao-Ci Jheng', Yu-Cheng Chang’
" International Integration System, Inc., New Taipei

City, Taiwan
2 Meteorological Satellite Center, Central Weather
Bureau, Taipei City, Taiwan

Abstract

The geostationary weather satellite provides high
spatial and temporal observation data, which are vital for
rainfall monitoring in areas where weather radar
observations are unavailable. The current operational
satellite rainfall estimation products are not comparable
with weather radar-derived quantitative precipitation
estimation due to the limitation of the instruments
onboard the satellite and indirect relationship between
cloud and precipitation. This task conducted experiments
of using deep learning methods and Himawari 8
multiband observation to improve satellite-derived
quantitative precipitation estimation.

All of Himawari 8’s infrared, water vapor channels,
and several specially designed differences between
channels, which represents cloud characteristics, were
used to train models. Central Weather Bureau
QPESUMS was chosen as target data. Data of July and
August of 2016, 2017, 2018 and July 2019 were used for
training purposes. Data of August 2019 were used for
testing. Several neural network architectures were
selected for the trails, include Convolutional LSTM,
CNN, U-Net, Autoencoders, cGAN, and wGAN.

The result shows Convolutional Autoencoders and
U-Net have better performance than the other
architectures. These deep learning models do improve
from operational real-time satellite rainfall estimation
products and have a good portrait of rainfall diurnal cycle.

Key word: deep learning, meteorological satellite remote
sensing, satellite rainfall estimation



