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High spatial-temporal rainfall estimation and

nowcasting for thunderstorms using 3D radar images

Abstract

In recent years, due to the acceleration of climate change, the
frequency of extreme climates around the world has changed. In
particular, the frequency of short-term, high-intensity (strong) rainfall has
increased in many countries, which has consequently caused an
increasing number of flood events-and led to significant economic and
social losses. To better handle the impact brought by climate change, in
addition to better incorporate climate change effects into the
infrastructure design process, more accurate extreme rainfall and flood
forecasting systems are needed to help urban disaster prevention and
emergency response.

With the advancement of information technology, the predictability
of numerical weather prediction (NWP) models has been largely
improved in the past years. However, for the short forecast lead time
regime, extrapolation-based nowcasting methods still outperform NWP.,
In addition, extrapolation-based nowcasting requires relatively small
computational resources, so it is widely used by many national
meteorological services to provide short-time rainfall forecasts (or
nowcasts). Extrapolation-based methods however have their limitations.
More specifically, the overall variation of rainfall is contributed by the

advection and the evolution of rainfall intensity, and pure extrapolation-



based methods can only account for the advection. Therefore, their
predictability to rapidly developing weather systems, such as convective
storms, is poor. The effective forecast lead time could be less than one
hour, or even only a few minutes.

In light of this, this project explores the potential of using machine
learning techniques to extract useful information from 3D radar
observations, thereby improving the accuracy of local rainfall estimation
and nowcasting. So far, the key deliverables --to establish a rain cell
database, develop a rainfall estimation module, and create an object-
based convective rainfall nowcasting module—have been implemented
with five proposed workpackages. We are working on the final evaluation
of the developments. During the project period, part of the project
outcomes has been orally presented in the 2023 European Meteorology
Society assembly. In addition, a manuscript has been submitted to a top
international journal, and the review result suggested a minor revision,

which has been completed.

Keywords: radar rainfall, nowcasting, deep learning, three-

dimensional, data merging
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B 7 B A g i*iﬂ’%§§%%¢ﬁ\ﬁﬁ¥?
% (Litjensetal., 2017; Kimetal., 2021; Wang, 2022 ) - iT# % > %
Bied P g B @3 B Rt el P A FER o 5 ) hf @
¢ 354 Shietal. (2015) # 1 enrpFrsgaR ] » % 7 EH L wd e
B (ConvLSTM) énifshAd (g ebe2e > R 1B @ * AT F i e foen
B3 kAL RTERI P e s & o Shietal (2017) &- H % 27 &
* 222 18 SHRNN 7 45 - TrajGRU (Trajectory Gated Recurrent
Unit) $3] s 3% 2 BIRLDERE Y R A dfdf2 F < B

o Bt s 0§ BIFREY AR D EBR S AR Bl 2
EApdpupy > A9 A E A& M) ¢ 42 RainNet fo MetNet » 4 &)

.

P57 b eniF R 8 3 3F e 3 > 4o U-Net {r Axial Attention

( Ronneberger et al., 2015; Agrawal et al., 2019; Ayzel et al., 2019,
2020; Senderby et al., 2020; Marrocu and Massidda, 2020 ) - #g 2 3%
TrajGRU #7422 & » i ut Ho7| 458" & ¢ 4 2 2 (Rain or
not) > 1% 2 £ FPIAEFFER 2 G o AgAR D b A 1 AR - R

PSR (2 LR 0 R s TR aE A %
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$-F 1 EHFS 205

Foat g b pr e FIR (7 e 15-20 A 4 ) #7630
T e aF N EOZTEFER mERLE o R B
4o B de o CRIEAR 0 Stk enak BE ¢ i CRMEAR R
(X H F Bnag g ) 2. M (Ochoa-Rodriguez et al., 2015) - 2021
# > DeepMind & 1} 1 — fEA 2 SRR % (GAN) 2 HehIrpr
¥ % FpIF 7] ¢ DGMR (DeepMind's Deep Generative Model of
Radar; Ravuri etal., 2021) - DGMR i%:i% % » A % (latent

noise) » =P

ﬂ\—k

TS TR R R R RE R
g s T L [ AF R SRR B 2% @ oss B > DGMR A 4 S0 & T
3R oK RA ¢ _E”); ;tt,";g E'q’nggu o

B 2 R T OLE R AT ERFREY 2 £ St
o Hrn P oiR2 dEaf pFRE & 3p R (field-based nowcasting) o 14 s e
it 5 P 2 ‘mut pEIERHcd] (object-based nowcasting ) #i i fR
( Shehu and Haberlandt, 2022 ) < #8713 5] 4 ¥inede ~ £ 2. 2 [ Ch =0
1o 18 H BT R 2 TR A TR o Bt A o F R R gt
S ATRAL o
S~ FEE R BT BN

T AR A TR L SRR LR T Rk
2 P éif?%r’ SHFFIIEARBY 25 SR RS BN
e o HE2 2 }I?e (Wang et al., 2013 ; Decloedt et al., 2013 ; McKee &
Binns, 2015 ; Ochoa-Rodriguez et al., 2019) - #24% Ochoa-Rodriguez
etal. (2019) > @é e M A RAZ 28 (1) §E% A HLD
B, () MadzBHIBEI dhfza b da g pEE
(3) T~ B e Bdphf 62 - U T RN L A KRN B E
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$o% 3 TRE ek

ARAFNERTEZIREATLLE > RSB BERZA 42 R
PR FF RFEAFTEEE o R FF 2R ¥ ARy
BRERN A R frldtaz 100 v LS £ (FE) 2 Le
B (#iE) goplEdaism = (Smithetal., 2007 ; Harrison et al.,

2009 ; Wright et al., 20145 Borup et al., 2016)

SR Y RS R H A o ETI0 0 L A R
( MFB > Mean Field Bias correction) o pt = Bk 3 E% a2 L &

BRIPPER S 2 F A2 HA2 RAT AN T E N
Foi prendc i S o B R 1Y R R FS oa R FS
B E R E S L R AR R A R e H T i

A B 7 BT S b B o AR s e B (R R FS R

"

o

B de [ 2 3 320 & 4p 3k (Smith et al., 2007 5 Harrison et al.,
mw)ov%ﬂﬁ FILAARZMAARFE S 20 blded BB L5
% 2 1+ (Cole & Moore; 2008) » & &4 * =+ f & Jmk & B 2

(Kalman filter) = & i/ £ *~pFF 1+ 2 ;%% (Fultonetal., 1998 ;
Chumcheanetal.,,2006) > 7 :8H B&* R B+ ‘%’KE’ MFB 4p £ % < o

(C)MNFEZFMIEEI T2 gk Ea g )2

4~

ARV HANER  MEET AR FLIR SR FLF R

N\

FE o el A FEER 2 Z R kA T
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$o% 3 TRE ek

-

Hlig (7 2 B 46 (spatial interpolation) ; pt#g = i F d B FietaE

W BEa ko x5 i fl&2 (kriging) 222 W o d 3t f] 4

i

&k E B ERM G Y2 (unbiased best linear estimator) - F]pt b 5g

S I ARE N MEE R A LA RRIEIL G KL D

PLET R P BOR LT * ch b IRABF s F] &2 (Kriging with
External Drift - KED ) (Wackernagel, 2003) - KED Z_s. 4] & i 2.
AR ) R IEpN SRR

BER o F AR AR EXFIPHRELAERTE R AT

W B IR R (G s

/“'

EE R B2 BFeny B2 8o

PR R Y Fo- BARLR A iE g £ % (conditional
merging) - d Ehret (2002) & 4 i » &5 Sinclair & Pegram
(2005) &zl & pls# o ?1‘”’ 2SN ET EFLIRL 2
(kriging with radar-based error correction » KRE) - KRE iz 5 £ 4] *
R 2 g IR RTPEFRAEPME > RSP BLT
FAaFfoRieg ERFARF 0 LAPF L EFT L KRR AP
2 ARA AT o APAL B ke 3o i AR F ek B PR 0 TR
RIESTY M FRBIFARDE RS KREZ#1 Fidp L
AEERA DA Rz ol PR S %w%éiiﬁﬁﬁﬁﬂ
B0 AN A BENETA S A

(=) %

3N GRSV~

1~ <

oA Rk RS2
SR ELRE ALY G TESA R
(P4E) FARIEZER

Fz 2% (overall estimation uncertainty ) % ¥[8 <2 = ;% » #-73 f& %

~-

o

TiE o on A PRI AR L EA
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BRH TR R L IR REEA B HBE Y 5 Tt o
T a §pl a2 4T 35 (weighted average) » m 4p i 4E £ A &
RpFTE - A 29 Bdp AH 2 R LB o blde > & &
A A R o JU A R TOR B B I AE R 27 R AP R

BN RMRELERSE ) RO FEERFTRIAN A R

|

HBEBIE TR RSB E L “Qﬁi%/]*'*’ﬂ gk (M) "E A SR
% #g i (Kitzmiller et al., 2013)

% & s.fl £ (Co-kriging > CoK) 3 k¥ 1 & o' & ol i
L322 - cCOK#Fdfra Rt iaffpt i 8- B (Be
ol &R kAP o R fRinAEt K A2 WA 0 BRI 2
FRMEE T o CK i flaizent R wmAuW > pend % 5
WP EHLF2Z LR (M58 ) ¥ (e E QPE) K Fer 2
Ba®hidz I 8% (bldcrBabFp) 222 F P& (Journel,
1989) o CoK 2 pr4 ¢t w2 KED 4p i > % 53 2 7R ~ &
PAFHMEZ Rl 4B R RatlhRu at o KED @ *
BRI EMBAREMFEL (RE) L T 27
“rF RS BE R AR B ldp 2 e s o q CoK ¢ oo B
REBRELT E0R Ll (RE) 2L -

b7 3R gk & (Bayesian data merging -+ BAY) (Todini, 2001 )

\m*« 11*

EV-BALEERBHRELESZ IR COKELTE & T

THRIE- 2L A BAY R Z A BB LT EZE A B i

)
Jur
(w

vm>

#
&

FERL  REEE R AT ApHE )l
PRI L SR EEE R By c BAY TR E R T2 B
B (D) fIrflézpEiia Rz Fuad 4% {4
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$-oF 1R ES e hmE

2Bz L LR et (errorcovariance) ki & & B A& 2

-~

PRERM (2) BT EE A IR BN E R SARR 0 L ED

R R RAE M RIS L RB LT Y R EN T E A2

PR () I FEERAFTEZAFITE A T2 ApHT

FERN s et bl s g s A i o
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o 1 FEARMIEEP

ZF L1FRBRBAINGAP
-8 PR HFEZFERP
AV ERARIZEAK S HFHER A BB -1 2 F 3-2
TR e LITR TR ZAFILL R Fe 3 FA R RR LR
B B0 o FIMIRA T IR P R - BT oo gth s AEF TR

PAF Rz v ATH N ERTE  REMEIFS

o FTHUEZ SFFFH » mdlich FRBACERY 1 7 4§

N

FLFETAFTHEES IR AEZHEI 2 - BERS
(binary format) > 257 2 &% FR% F %k Ko
ZARF S Pl AT R R g g TR
PAMBRLENS R AR R ZE 2 B3 N RN 2
HDF5 5% > Ap B8t ot 2 32 T g2 8P ¥ 5
Mg o

o IMAPHHEINY L F R FFTE Y AT ALK R doTpH o B
ARG A5 OR4E; ¥- BRESY L5 2%7F

Fw A FTHIE L - 8 LEFITR T A e B

Ve Lg% ddw MR £ ¢ https:/github.com/isaacgbhk/Qpesums-to-hdf5/
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a

R AP

Tasks

Deliverables

Month

1]2]3]als]e|7]8]o]10]11]12

WP1: Data Collection, Literature Review & Pilot Setup

Review report on rainfall estimation

WP1.1 Literature Review D1.1 |and nowcasting (given in midterm and
final reports)
Historical rainfall data collection and Archived of pre-processed rain gauge
WP1.2 . D1.2 |and radar (QPESUMS and 3D Product)
processing
data
WP1.3 Pilot catchment selection and setup D1.3 |Aselected pilot catchment
WP2: Consturction of Rain Cell Database (DB)
WP2.1 Radar rain cell extraction D2.1 |Ascript for radar rain cell extraction
WP2.2 DB design and implementation D2.2 |Arain cell DB with Restful APIs
WP2.3 DB AP| development
WP3: Development of Rainfall Estimation Module
Comparison of selected rainfall Aselection of rainfall data merging
WP3.1 . D3.1
merging methods tools
Amethod for i i Drai 1
WP3.2 Integration of 3D rain cell information |D3.2 |. metl Od_ or integrating 3D rain cel
information
. Evaluation report (given in midterm
WP3.3 Module evaluation D33
report)
WP4: Development of Convective Storm Nowcasting Module
Development of thunderstorm rain cell An object-based rainfall nowcsting
WP4.1 . D4.1
nowcasting model model
WP4.2 Integration of local rain cell knowledge |D4.2 Amethod for integrating regional rain
cell knowledge
WP4.3 Module evaluation D4.3 |Evaluation report (given in final report)
WP5: Reporting, dissemination and publication
Two f kshops to di inat
WP5.1 Workshops D5 'wo- ocused workshops to disseminate
findings and tools developed
WP5.2 Midterm report D5.2 A reporFsumrvarising f.indi?gs in
developing rainfall estimation module
Areport summarising findings in
WP5.3 Final report D5.3 [developing rainfall estimation and

nowcasting modules

W31 35 3ERARMLH Y B H
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Month

Tasks Deliverables 1|2|3|4|5|6|7|8|9|10|11|12

WP1: Data Collection, Literature Review & Pilot Setup

Review report on rainfall estimation
WP1.1 Literature Review D1.1 |and nowcasting (given in midterm and
final reports)

. . ] . Archived of pre-processed rain gauge
Historical rainfall data collection and pre-p gaus

WP1.2 . D1.2 [and radar (QPESUMS and 3D Product)
processing
data
WP1.3 Pilot catchment selection and setup D1.3 [Aselected pilot catchment
WP2: Consturction of Rain Cell Database (DB)
WP2.1 Radar rain cell extraction D2.1 |Ascript for radar rain cell extraction
WP2.2 DB design and implementation D2.2 |Arain cell DB with Restful APIs

WP2.3 DB API development

WP3: Development of Rainfall Estimation Module

Comparison of selected rainfall Aselection of rainfall data merging
WP3.1 . D3.1
merging methods tools
WP3.2 Integration of 3D rain cell information |D3.2 {Amethodl for integrating 3D rain cell
information
. Evaluation report (given in midterm
WP3.3 Module evaluation D3.3
report)

WP4: Development of Convective Storm Nowcasting Module

Development of thunderstorm rain cell An object-based rainfall nowcsting
WP4.1 . D4.1
nowcasting model model
WP4.2 Integration of local rain cell knowledge |D4.2 Amethod for integrating regional rain
cell knowledge
WP4.3 Module evaluation D4.3 |Evaluation report (given in final report)

WPS5: Reporting, dissemination and publication

Two focused workshops to disseminate

Wps1  |Worksh gt
orkshops findings and tools developed

Areport summarising findings in
developing rainfall estimation module

(N]

WP5.2 Midterm report D5..

Areport summarising findings in
WP5.3 Final report D5.3 |developing rainfall estimation and
nowcasting modules

W32 23+FRK21FR/FHEFH
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- #HEHEAAEP

AL HRLTBARIEED (WP) » 2L BIdER (4

BI3-2%757 ) » U T HAIPE L L IFI P AP PR ~ X% o

~3EF R - (WPL) @ a Tl 2 kv if
ALIFIE P A BAMIER 5

D11 % & fp B ~ 4 PRI 2 prw B 0 0308 G SR AL B
- % Fré@éwﬁwgw;@h o

D12 B & &b~ FTEFTEEE T 4l @ & § 2300 AP S
FAL AL S IEAA B RE 00 AR rbna EER (ZFA
T2 pH e 3-3 46 ) PR PFALL998 £ 3 4
1098 &3 2017 # P > FHAFFFTA L LIF > A &
2018 # 2 s Rl3& B 3 10 A 48enfEdr B o §E FTHRIMA A3
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LB FE RS - Bl A-6 T o

1Pz (WP2) @ §awipisd

D21 # % 3§ aefHFs1 & @ A1 2435 Mufpz et al. (2018)
wEE B > L Python 258458 > & 5F (T2 = > 4o 3-5 47
TR ITEFT 2T iﬁ/? = ’}q:ﬁ%\gﬁ T2 R iE j:‘:l%n‘

%

PG a2 B T KT e

N

- o

2 ;.V v L4
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ppan)
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D2.2 § &% FE 2 FHIFH API R | §areTHE - API
2 K% HAeR 8- 4 95 F o 1% MongoDB # it il AR 5 2
S35 H R GRS RS R ARG 2Pk ¥
ToSABEE AR APl 2R PR R FRG
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$ZF 1FRBEIAIAEP
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;gwﬂzé,ﬁi% R R T AN 2B TEBIR LA FEE
IARF LA EE R JIETEFEAREE  NE LA TRER

LGP SR A YV B E LS 4P E o

D33 & i RAF L 1B R AFTL R R
#iE o

1w P e (WP4) #ima SRR e By

A1 IFIEP A& HIEP A
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§ TR R B TR, R AR 0 W %
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42 (corealtitude) # i » ¥ N{ET & 2 4 b P iEfnE B

A

Moo G TP APFHRFRABTHE

4

B i

Jui

ag e g

EEHER (sfgafe s | A kE B EN > UE Tiaw

oy

»
4

55 4,
g

I
=

RER) 41" LSTM FREYHALFEY -4 H &

FRFRZ %5 40B 3-92 B 3-10 77 » A2

ZARRPEA > P A iE e ek 2 4

RoHP ZHFETAHEER RR IR G AT

Ppoastdcdy o R B A BT G AR R LT

1:E 50% o AP B AT Y SR MAI W E LY T > P o

# (Cheng etal., 2023)

o DA3 "Em FAFTHRS AMMBMD G I AV E N 2

T2 EP AT PR L ARSI

i+ SR

~1fE P T (WP5E) "2 ERZFTYT S %8 4

AL P LR LHIED 5

o D51 ¥ AL R gk P4 0 AT F AT - B R

€3 WY RAFRIREWET > 12 A LA 2 A kR R

ZARPEEFNE T FoFE R R DA R L feh

f

Brfeg b o Bt o g apa oo pAueg

2 RRE FARR R E A R
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2 EMS 2023: https://meetingorganizer.copernicus.org/EMS2023/session/47575
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BoF 31 TiEARAELHAD

W3-3PAFh2onfRtizFAFTAN (2F) 2458
A% (W)

FRER: A2 25 e’

/Browser Structure \

()
[ I

I 1
[ Query ] [ Property ] [ Layer ] [Downluad]

1. Query: Query the storm events by specific time range and region.
2. Property: List the statistics of each storm event and select them to display

on map

3. Layer: Hide and Show the ellipse and polygon layer

4. Download: Download the selected event as json file.

/ Web Structure \

Application 1€ > Rf;];u' MondobB >
mongo DB
React Node.js
Browser Backend Server

W 3-4 23 F R -FELRBBTRETHESAPI(TH) » 12

2R A b BAT 2R (2 )

| nd

Spa TR KRS

https://history.colife.org.tw/#/?cd=%2F%E6%B0%A3%E8%B1%A1%2F%E4%B8%ADY%ES%A4%A
E%E6%B0%A3%E8%B1%A1%E5%B1%80_%E9%9B%A8%EI%87%8F%ET7%ABY%99
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< I Event Properties

Q
1} lifespan  Type

. 20.. 1| S0

* 20.. dInG
20.. g/ 51, €
20.. 6 M
20.. 0 c
20. 1c
20. 1c
20. 1c
20. 1c
20. 1¢
l:i:;s 1-100f 113

e

Null

W3-5+3+FWFgELFR®

Sun, 04 Jul 2021 16:20:00 UTC

scrort [MAXDBZ |

in
this
box
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RSN T R

—— physical_filter =~ —— physical_filter_circles = —— rossi_filter
lead time: 10min lead time: 20min lead time: 30min
100 100 100
o00 ’ 25000 / Sean /
o s 7’
10000 20001 ,’ oo
s ’
F 801 13000 /// F 801 500 ,// F 801 100 //
= 10005, b 10000 bo-h 10000
/ 7 /
2 /5 2 o 2 I
= i ' = i = i #
5 60 /G S 60 2 60 s
3 2w w wfiffr 3 v om e @ ow ow 3 o € wow s
e / e e T
Q a =5
g 40 T 40 T 40 /
<4 / c c
o ’ v v
) s n v
2 ’ 2 o 4
o 20 i# o 20 O 20 VY
4
/
0 7 7,
7 Z g/
T T T T 0 T T T T 0 T T T T
0 20 40 60 80 100 0 20 40 60 80 100 0 20 40 60 80 100

Predicted probability (%) Predicted probability (%) Predicted probability (%)

W 3-7 #3+3 B % 2w PRy % 4R $57] 27 Rossi et al. (2016) #:
A 2.3+ 10-30 & 483F4F 20 L R o 4P T R 4 Rossi et al. (2016) #-3)
() > 3+ F2 WA (%3 294 ) 2 R & (reliability
diagram) { 3 RET A5 RAS (3L M B TR 2 BT FRF %
hZBgEFTH2ZEE) -

Mature
(10-15 min)

Developing

F_Disslpatmg_|
(5-10 min)

(5-10 min)

W3-8 ERTRABEHRFALI L FRELFME - REHT
AW (»FWizcp Kimetal (2012)) -
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Area

Mean 3D Reflectivity

Develop Mature

"
;‘i
(i
e
1%
pa3

H3E P

T L. I [ I o
=== predict without 3-d information y & 200
-~ predict with 3-d information 200
160 == Origin model predict r,
150
180
g 140 g N,
x = 100 w
£ E 160
120 =
50
140
100 —— ground truth —— ground truth
-~ predict without 3-d information -=- predict without 3-d information
[ === predict with 3-d information 120 === predict with 3-d infermation
80 -=- Orlgin model predict -=- Origin model predict
t15 t10 t5 t "5 t+10 t+15 t15 10 t5 t 5 t+10 w5 15 10 t5 t 5 t+10 w5
time step (min) time step (min} time step (min}
n
—— ground truth
290 predict without 3-d information
predict with 3-d information
285 === Origin model predict 30
8.0
29
Hais ]
g g
2.0 3
3 — ground truth —— ground truth "W
= =~ predict without 3-d information —=- predict without 3-d information b\
26.0 —=~ predict with 3-d information 159 —-- predict with 3-d information \“
— -== Origin model predict === Origin model predict \
1.0
15 t10 t5 t ®5 t10 115 15 t10 t5 t ®5 t10 115 15 t10 t5 t ®5 t10 115

time step (min) time step (min)
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P P PO
A% 1IFERBLHIAESR
Smjr Smnr
74 - .
===~ Predict (2D) ; 1.754 === Predict (2D) @
; /
—=- Predict (2D+3D) /:' —-—- Predict (2D+3D) A
64 --- Predict (3D) pa 1504 ~~" Predict (3D) A
=== Predict w/o evolution R4 ' === Predict w/o evolution ,’,/
/
/,’
> 1.254 s
‘r
‘s
P
41 1.00 /»”
g g F
3 0.75 4 /,/”
-
/::/ ,4",
2 0.50 1 e =t
L2 -=”
=== s
14 0.25 e STt
P el
0 0.00 4
t+5 t+10 t+15 t+20 t+25 t+30 t+15 t+20 t+25 t+30
lead time (min) lead time (min)
Imean 3D Imean 2D
g4~ Predict (2D) 4 3.54 === Predict (2D) ’
-—- Predict (30) J -=- Predict (3D) 4
=== Predict (2D+3D) il === Predict (2D+3D) e
,
61 ==~ Predict w/o evolution BKg 3.0|--- Predict w/o evolution / //'
I, I,//
2.5 P
®] =] ’
/,’ (’ /' I’/
S
/’ /I /,
3 44 . 2.04 ,/ ',/’/ //
8 g P
/
3 1.5 47 s i o
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21 1.0 ol el AT
—_—' > - »7
__——"r’ =
19 0.5 SR
g T T T T T T 0.0
t+5 t+10 t+15 t+20 t+25 t+30 t+5 t+10 t+15 t+20 t+25 t+30

lead time (min)
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2016 Max VIL distribution Q95 (Total days: 52565)
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2020 Max VIL distribution Q95 (Total days: 52296)
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