Referee comment 1:

1. L9Change to Opredict preciselyo
Respohmlee:change has been made.

Changes in tihe mheusomomi pént 6future the rair
is difficult to @erecisely predict precisel:’

2. L1Binsert O0isOsbetwbée that and
Respomhlee:change has been made.

Changes in the manumpor p-dntivenom mocdeln faradmt
that iiséeé&uitable to

3. L1Bchange collect to collected

Response: The change has been made.

Changes i n t hWe ontalneucstcerdi pt hr ebe ki nds of da
precipitatioédd in flood season

4. L2R2Define SSI M
Response: We devel optitihet uaalt oB8iymisl aSSt M @SSI M)
which is in eq. 4:

DET i p YYOD ho 0

Changes in twe @amppluisedi ptmodi fi ed Structur a
as a |l o®s function.

5, L2Bexpl atirnadihtBRi oredlatd onshi p

Response: The change has been made.
Changes in thehemarwsudrtisptautdperfor those
relationships that use | oghinelami o el ancinc

bet ween r adaanrd rreafidnefcatlilv irtayt e

6. What i s NOAAG6s HRRR? There is a need to g

all the acronyms in its first use, even f
Response: Nati onal Oceani c (aMQAAtgnmo spher
Resol utd oRe {RhEp&RIR) . Ot her acronyms have been
Changes in thwéhimanuscrsiuppter i @r to High Res
( HRRR) numeri cal prediction from the Na:

Admini stration (NOAA) whmer6e thlbaurmredi cti on
7. L3BRemove repeated citation
Response: The change has been made.

Changes in t&endaemhycet pad: . ©2020) proposed

8. L3BWh a't i s Met Net? Do not assume the read



Respovesédave explained tmanodMetNpt 6 in the
Changes in tBendanbgcetptl. 62020) proposed

( NWM) <cal Ithdh t MautsMeedtt eexnits omnel(fHo et al ., 2019

patterns from radar and satellite data. I

precipitmamiuore imt2rvals witéh a resolution

9. L37"TRemove repeatedt tiis at oomnewaady dot her in
the case

Response: The change has been made and the

for English writing and grammar.

Changes in t&kri mamdaslcrip0d@15)

10.L37THow were Shi.ee ahiabBl Expbaaohtaeir me
of stpamp or al predictions

Respovesaeaeapedheir imetttheed revi sed manuscript
Changes in tiB&édi manusadri p(t2201&) treated pr ec
problem of pampdrcali ngge sypeancdeost and modi fi ed
shdgretrm menoSITYM)( FbQy r epl acing the Hadamard p

operation-tisn at lee -amsdppsteatt e ansi ti ons. They
movement i s hiognel yartwerisf,oramdi mcosnvol uti ons ¢
characteristics. Therefore, the convolutio

]

ecurrent transformations of their propose

to handle the spaheamocerrehaeyi appl yFt he s
gated recurrent unit (GRU) -iannvdarnioatnitc ea ntdh afto
on only a fixed |l ocation because its hyperyg
fixed. HoweN err,obilnenmt,hea @GP eci fic | ocation o
changes over time. Hence, Shi et al. (2017
uses a subnet wor k-varoi amut pcucthnact ooatisdamuc:
transitions.chlehreg addy naam rceadtliyons hel p Tr aj GR
of c¢cloud clusters more @ccurately than pr e
11.L41Avoi d the use of contractions eg. Hav el
Response: The change has been made

Changes in thaes motuskheemeapplbobedgt oabi dat a

12L4BAvoi d using etc. if you cannot name mo|
Response: The change has been made.

Changes in t@Gemmatnemscvi piton 6t echni gques have
detection, video predictdi on, and human mot |
13.L4AL46i ncorrect use of tense, past (used)
for grammati cal errors throughout the pap
Response: The use of tense has been correct

by an English first | anguage checker.



Chagnes i n theSomagnus2d0rli9pt :uséed I mage quality
a new |l oss function instead of the common
the process of trainimg and generated bl ur |

14L4BbHow is optical tfd ow amest hroeadt roed Zat@rd i s
Why is it mentioned.

Respolntsei:s related to Ayzel et al s wor k a
Changes in tAyeethamalusc(2ptl9)odesigned an ad
the multiple optical flow algorithm for C

prediction of the onset and decay of precirg
simply <calcul atleodihtey pofsitthenr adar vecho wi
rather than consider th& changing intensit?

15.L5M1TRemove et . al

Response: We have removed 6et. al o

Changes i n t G& venanushdrsi phackgr ound, from
at mospheri,c wecibaml d a multié®ource data mod

16.L5®Rephrase Ato train the deep | earning m
Response: It has been rephrased
Changes in t'He mamuscrai pdteeep | earning mode
precipitatiorEacsha'rChdtnear i stics of

17.L6BProvi de | inks for datasets/ sources
Response: The | inks have been provided in t
Changes in the manuscript:

Radar dataht t p: / / data. cma. cn/ dat a/,dA®S® datal / dat a Cc
http://data.cma.cn/ dat a/,dHemawlar datBa  Sad e/l A.i
http:// www. @r .dahtiatheeases/ GE®/ H8 9/ FD/ i ndex. h

18.L 74change fAwe comparedodo to a comparison w
Response: The change has been made.
Changes i n tlhoe tneasntu socurri pme:sh omé i@ ecompari son

19.L 7B5What exactly is being predicted first?
Respovesdéiave clarified in the revised manus
Changes in tdhee manulsicmii tps : on compfuewti onal
frames ttdheprrediudtd-hsé.ufroirhenhe t he out put resu
iteratively predict -htohteo raahire e hao li ena d htei n
(Fdg Ford itrhe dteaassegumemece models (ConvLSTM,
ustelfe rst B H)r@ammedi ¢t a sequentief)qgf atnlde umseex t
this result to iteratively Tperimdirdits t he r €
Tie T) . For 0imnmaggee meNdel s MGOM) , Woet ou sper efdr arme
fralgme and pusd igdtpigotn t o 1 terativel yTgppredict


http://data.cma.cn/data/detail/dataCode/J.0012.0003.html
http://data.cma.cn/data/detail/dataCode/A.0012.0001.html
http://www.cr.chiba-u.jp/databases/GEO/H8_9/FD/index.html

Ti5 290

200L8Mchange to fimakes iTthebetnttemr et @ apreeadinete d

edited for English writing and grammar.
Respohlsee:change has been made and the entir
for English writing and grammar.

Changes i n makreusdr ibpédt edr t o predict

21.L84MAre you trying to say tRaOrthaesshowl §pé
resolution? Or are you referring to the 't

Response: Yesesbhaettempofabkatelltist @ nd &tras ail s
minutes. eMpreéesy tbhat it only has four frar
Therefore, we can get the sequence of the
rather than iterative prediction.

Changes i n Adanud omiagtl:y, 6t he te nipaotraali s ecsood ru
(30 mMinutes), so we can directly obtain th

hours through one prediction rather than i
such short sequences gui ckl yngando nsphuotwsn gg i
resources and avoiéding error accumul ati on.

22.L.8-88 Expl ain more what you mean by Aincr

applicationo and justify your use of sate

Response: We have explained i m tohe oueviused c
satellite data is in the response of comme
Changes i n Imanaudsdcirtiipotn:, & he main drawback o
is that it smooths the characteristics of t
when appvypyiongioos recursively in deep | ear:
smoot hing of radar echoes and preserve mo
decide to use the results of satellite dat:
mo dé |

23.L1 212 here i s no mention of how the model

validat ed. l deally this information shoul
Response: We add a new part o6Model descript
of our model, i nclkwedinred pdrzaeme tpards i g h da o

optimizer, ebtoss Af soctiammt her part OReferer
cmpare with ot helr abh and enlgi igeneimed el -ud@du deaé t i
Data Moded ghMSWDIM)how we train and evaluate
Changes inWmaaddcthpee hpart et onoeepl avas tr
the results were validated

24L 120t al most appears that the aim of the
are using multiple sources ofsdadwurntae acthat a't
mo d e | ( MSDM) . This is very difficult to



di stihearon ¢

Response: We will explain our aim in the in
Changes i n Qmantuhsecrompd : hand, the current ma
underutilized; on the other hand, osmcienti s
pursuing high accuracy by increasing the co
of data. Given this background, from the p
a multisource data model (MSDM) wiitohn t he ai
data (for exampl e, radar reflectivity, i nf
find suitable machine | earning algorithms

flow, and random forest algoritmansy WwWhirl € ac
saving computing resources. Il n addition, |
nonlinearity of neur al net wor ks, it i's dif
machine | earning models. Hence, swa Ipompmp&xyt ha
for physical constraints to @guide the model
25.L12%8se other metrices to evaluate model P
RespoWe ei:ntmomec teval uate model performance:
RMSE, SSI M.

Changes imrtiipe : mdMeusadd a Bvean upaatrito nodP e rof oi rnn
the metrics we use to evaluate model perfor
are shown in the form of table and graph.

26L148ho made t hat claim? Citation ?

RespoYwse: ad) (ma@r the claim that '"recurrent
require iterative training, which introduc:
Changes i n manuscriptConWeLSaWd i shepr ohtattic

accumul ation duegt@anidt ecegui vest maissi ve com
al ., 62018) .

27.L.192511d nclude a thorough discussion to exa

and how it relates to other studies, prev
Response: We discusmondehes weltdvaondherofstadi e
manuscript.

Changes in: mamusbei pConcl usions and discus
background of existing study and explain o
28.L19Xan it be conclusively stated-that I o
i mage predictiononsthetpreobktmmoasbspaingn
probl em. I f that i s the aim of your pape.l
further.

Response: We evaluate the four model s i n te
and drawbacks ofeitrh ec ommobdi enlast iaonnds .of t h
Changes in: mé@denusceipttable to evaluate the
advantages and drawbacks. The aim of our peé

and dicussionsao.
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Referee 2comment

1. The critical success indexes (CSI) depend
aut hor s, making it difficult to judge whe
flow and ConvLSTM. The authors might choc
1, 3#A,0)L,0,and calcul ate the average CSI of
these models more easily

Respomamrk You f oWeghwaas ea dwviifcOel, B, 0 62s5h o4l 0d) s
andntroduce MBS, MRS IésWal uat e amoToe | perf
stress the importance of areas with | arge
x threspBfd 9) to different thresholds and
Changes i n manuscript

.ph OEOAOEMI A

% 8£84081 |1
. A~ ,‘..cE..A“ OBl | /
UOEOAOEIIGVQ?EQAQﬁ)Iﬂ!A (9)
"wh OEOAOKIul A
wgh OEOAOEIN A

TablWeilght ed average CSI on test set with ¢

40, uni t: dBZ) . Tthaec desThessoaeamade i ins bohde
(The rgrtehaet ebett er ) .

Mod el 30 min 60 min 90 min 120 mi:
OpticalO. 414 0.303 0.2009 0.205

ConvLS 0.399 0.269 0.211 0.157

U-Net 0. 348 0.259 0.216 0.184

MSDM_m:«0. 362 0.286 0.245 0.218

MSDM_s:«0. 405 0.317 0. 258 0.217

Tab2Wei ghted average HSS on test set with ¢

40, uni t: dBZ) . TthecdesThessoaeacmae i ins bohde
(The greater the better).

Mo del 30 min 60 min 90 min 120 mi:
OpticalO0.512 0.4009 0. 34 0. 304

Conv>LS 0. 487 0.311 0. 246 0. 18

U-Net 0423 0.307 0. 25 0.2009

MSDM_m:«0. 437 0.341 0.29 0. 255
MSDM_s<0. 514 0.413 0. 343 0.291




Tab3Average FAR on test set with different

dBZ). The besftacsec.orTebeasss eésnobdod di s underscor
the better).
Mo d el 30 min 60 min O min 120 mi:i

9
OpticalO. 316 0.391 0.439 0.474
ConvLS 0. 265 0.295 0.242 0.246
U-Net 0.293 0.309 0.313 0.309
MSDM_m«0. 329 0. 364 0

0. 0

. 387 0.399
MSDM_s<«0. 237 27 303 0. 335

2. RMSE is used frequently to judge the perf
the RMSE of mMSPM e¢esmparoed with optical f
aut hors t o -tirmgirm viecheandSDM model to get a

Response: We modify the parameters of MSDM

trained MSDM with MSE | os sRMSuEn c tWeo ns,h owh itchh

comparison in the revised manuscripts. The

MSDM was trained with SSIM I oss function,

the MSE | oss function. Therefore,utMStboM i s

maxi mize the structur al similarity. 2. RMS
But it cannot evaluate the performance of |
FAR, so it predicts better thancwd heer anod el
metric. I n the revised manuscripts, MSDM o

HSS and FAR.
Changes inThanuesul ps: of MSDM trained with

added in the revised manuscriptpmaorl tomcdti lee
metri c.
—— ConvLSTM kP T
9 Optical flow il
A U-Net
e MSDM_ssim
81 MSDM_mse

~
1

RMSE, dBZ
\
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\
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3.The MSDM should be described in more det a

( MSDM) indicates that the optical flow is
optical flow in the structure of MSDM?
RespohRisg: einer al description of the four r

process after ondigouundrofvi pdeedimotrieo dse.t ai
|l earning part of MSDM (feature map, skip c
every part o4 MSDMhenr &vigsed manuscript (]
Optical FI ow, Random Forest).

Changes i n manuscript: Fig 4 and its expl an

4. Why not predict precipitation directly wus
RespoWes eexpl ain the reason whyi rwec tdloy nusti npg
MSDM i ®W@Ma dhel arpcalritt ect ur ed

Changes i n manuscript:

ofhe reasons why we do not predict preciopi-H
foll ows: 1) The precipitation data we <col
di strormluy edn | and and do not include prec
combined radar reflectivity (Fig 2(a)) an
regular grid point data and include sea dat
of datainconsistent, so i-tabel i axprorsess pbd red «
directly predict precipitation. 2) The wuse
data on | and wi |l cause the edge ohet he ec
meaning of extrapolation. 3) We hope to i mg

integrate different ki nds of data except
processing precipitation data can be wused
opration. 4) We believe that -peripodetaremdagi
precipitation, but it cannot capture the
Therefore, for each rainfall event, we us
rati onship between multisourceddata to cap



Referee 3comment

1. LO3What does the HRRR acronym stand for?
Respoinsgeh: Resol uti on RapNed hRefer extpl @HRRRKR) t
in the revised manuscript.

Changes in manuscriopt:

ovhi ch is superior to High Resopruetdiocnt iRanpi
from the Nati onal Oceanic and At mospheric
prediction timé is within 6 hours

2. LO3EBxpl ain whBéet ar aiNéh& Méngdt hods.
Respovesd:ave exNeltdi meNdt™WMeth t he revised mar

Changes in the manuscript:
dJ-Net (Ronneberger ektnoavin. ,ne2 b5 k Iid® s iag wed
segmentati on, and its core is upsampling,

efficiently achieve high acécuracy with a s
Sonderby et al . (2020) proposed a neur al W €

uses axtitse nsteildn (Ho et al ., 2019) to disco
satellite data. Met Net can p+mediudtel 8 mag em e/at
with a resoludion of 1 kil ometer.

3.LO3Bxplain what is a Traj GRU model
RespoWes ehrave explained Traj GRU in the revis
Changes i n tFhuer tnmaenrunsocrrei,ptt:hey apply the sam
recurrent upnttcéeGRbDRat andnriwnovliaurtiiaonnt iasn d ofcoact
only a fixed | ocation because its hyperpar
fixed. However, in the QPN problem, a speci
changes oweer, tShme.etHeal . (2017) proposed a
uses a subnet wor k-varoi amut pcucthnact ooatisdamuc:
transitions. The dynamically changed conne:«
of c¢cloud cluouateltygy mbae prceui ous met hods.

4, LO4-®Bome concise comments about-LSThM PredR
net works are necessary.

Response: We el aborRnedRNNet +desmlHIMSgtMammd B3I
net wor ks

Changes in the maeuddpiadiocftoi winde oWang et a
various recurrent neur al net wor ks ( RNNs) be
PredRNN++ (Wang et al ., 2018) with a casca
hi ghway unit, which strengtleems dylma@ampose a
alleviates the vanishing gradient probl em,
characteristics through recurrent state tr
convolutions i nsi de LSTM uni { E3LEBEAM) propos
Mor eover, Wang et al . (2019hb) designed the

handl eothdgmhenmonstati onarity of spatiotempor



MI' M can mod el the nonstationary psr.operti e

However, their work is based on a slight mo
massive computing resources for model tra
met eorol @gi cal dat a.

5. LO6BPhe Figure 1 is not | egible. You shoul
Reepse: We have i mproved it.
Changes in Weermahaser Fpgure 1 with a | egi

«  stations

114°E 124°E

6. L1222 wonder if 240 days of data are enouc

explained by a |imitation in tilbpen?comput at
Response: Yes, 240 days may not be enough
col |l ectBiung wkeatnlm.k e t he foll owing justificat
1) We collect 292 days of data and split thel
for wvalidadtOi%onf ogett,esandset. The training
types of rainfal]l events over East Chin
precipitation, Typhoon precipitation.

2) The | arger amount of data asednlhampecevieme
generalizati on .abwWel iitnyt rofésudtolpepti m@d eslarlay eg

monitor the model 6s performance on valida
3) UNet has been proved that it can achi eve
sampl es. T heel ri eefvoer et,hewedebep | earning part
modi fi caNeitonhaosf tlthe same ability.

4)We think that the characteristics of pre
time. The model we trained is based on t

capture the recent c¢ halrraacitne rnigg teii ansh dahfto atgh e
wi || obt ai nchmamrac,tgenhesrtaelc ser asing these



characteristics.

5 I n the future, we wil/ coll ect more dat a
7.L 13Fbgure 5 corresponds to a particular
indicate what they are on the figure. Mor
for other dates and times. There are too

test oft tdhdes AlMowmee results should be show
Respomhmlee:date and time of figure 5 is 20180
in the revised manuscript.

Changes in manuscript: We add the date and
shown in

8. L 142wWot wunderstand: "it tracks features
it mean?

Respolnsmecomputer Vvision, corner (also knowr
recogni zabl e characteristics of a i mage. C
detec, is one of the algorithms for searchi
at https:// docs.opencv.org/3.1.0/d4/ d7d/ t u
the sentence to make it easy to comprehend
Changes in tdHewenaemusctrhetfatal weakness of
that it simply predicts radar echo movemen
radar echo decay and initiation, which cau:
1), and t heedAIRN&KeEePpasbliencd) . I n addition, i
a corner detector (Ayzel et al ., 2019) to
and track the movement of these points. Wh
it cannoéspomdi cgrpoints from previous i ma
echo at this moment was in a position out
Consequently, unreasonabl e shapebb exist in

9. L 1-9@&abl-& esus that the Critical Sucess | nd
but only for one date-camsaest?i et hWhm&t tdakadu
should be benchmarked in a | arge number
comment the scores.

Respomlabeiethd average CSI on test slknh ohefour

revised manuasecosetsi w thresholds (0.1, 1, E
metrics (HSS, FAR, SSI M) to evaluate model p ¢
Changes in the manuscript:

TablWei ghted average CSI on test set with
40, uni t: dBZ) . TthecdesThessoeaeacmae i ins bohde
(The greater the better).

Mo del 30 min 60 min 90 min 120 mi:

OpticalO. 414 0.3083 0.2009 0. 205
ConvLS 0.399 0.269 0.211 0.157
U-Net 0. 348 0.259 0.216 0. 184

0. . 0

MSDM_ms«0. 362 286 245 . 218



MSDM_s<«0. 405 0.317 0.258 0.217

Tab2Wei ghted average HSS on test set with ¢

40, uni t: dBZ) . Tthaec desThessoaeacmade i ins bohde
(The greater the better).

Mod el 30 min 60 min 90 min 120 mi:
OpticalO0. 512 0.4009 0. 34 0.304

Conv>LS 0. 487 0.311 0. 246 0. 18

U-Net 0423 0.307 0.25 0.2009

MSDM_m:«0. 437 0.341 0.29 0. 255
MSDM_s<«<0. 514 0.413 0. 343 0.291

Tab3.Aver age FAR on test set with different

dBZ). The Dbesftacsec.orfebe sss eéeesnodod di s underscor
the better).

Mo d el 30 min 60 min 90 min 120 mi:
OpticalO0O. 316 0.391 0.439 0.474

ConvLS 0.265 0.295 0.242 0.246

U-Net 0.293 0.3009 0.313 0.309
MSDM_m:«0. 329 0. 3614 0.387 0.399
MSDM_s<«0. 237 0.27 0.303 0. 335

10.0t her wi se, the MSDM ranks very different|l
(from 30 to 120 minutes) with the 0.1 dBZ
Il s it worth noticing that the MSDM ranks
40 dBZhdaehdwhat would be the scores of 't he
Extrapolation at other dates and ti mes?
RespongcdooWe six thresholds (0.1, 1, 5, 10
(HSS, FAR, SSI M) to evaluate modahceeocf oamaa
with | arge rweaadrsi gaf ketohteiievgifitbyy,d 9) to di ff
thresholds and calcul.ate the weighted CSI .
Changes in the manuscript:

ph OEOAOE®I A

o SESAT I
0 OEOAOE (LA SX Sini A (9)

rwh OEOAOKIuUl A

wgh OEOAOHEIT A
The results of scores have been shown in th

11.L. 165 seems that using the Modified Stru
SSI'M) I Prodwurctewve in terWhsy oufs eMAE ?a nOCth cRMS



I wonder i f the example of results produ

val ue.
Re s poWe ette@adlm moMSE WwWos& function to make ¢
mod el trainedampht @&s S&h M. ehvaarleu abteienng sshcoomwne si

revi sed .maFiug c isphows t hat MSH ucea nanroeta porfe dri

echo.
Changes in the maenusSDMNMSE We stsr diumct hon t

comparison with the (fmodell tavhali eFeehx pRi)d rha tSiSd
wi || be shown in the revised manuscript.

Figure 1 Models trained with SSIM



