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instruments——which—eitherprovide-herizontal-patterns—high-temporal-resolution data on a global scale, but extracting 3D

information from current instruments remains a challenge. Most observational data is 2D, offering either cloud top information
or vertical profilesalong—the-orbit-track—Followingthis;—we—train—. We trained a neural network in—this—study—to-generate
three-dimensional-cloud-struetures(Res-UNet) to merge high-resolution satellite images from MSG SEVIRI satelite-data

eloud-types-with-aclear distinetionregarding-theeloud-s-with 2D CloudSat radar reflectivities to generate 3D cloud structures.
The Res-UNet extrapolates the 2D reflectivities across the full disk of MSG SEVIRI, enabling a reconstruction of the cloud

h-in 3D. The imbalance between

intensity, height, and shape -

cloudy and clear-sky sample

CloudSat profiles results in an
overestimation of cloud-free pixels. Our RMSE accounts for 2.99 dBZ. This corresponds to 6.6 % error on a reflectivity scale
between -25 and 20 dBZ. While the model aligns well with CloudSat data, it simplifies multi-level and mesoscale cloudsis
eﬁe&%rmphﬁed—@e%pﬁ&ameﬂ%&%%mﬂlmlmltatlons the ebfameéfe%ﬁ}t%e&mhehaf}e%&euﬁeﬂ%results
can bridge data gaps and exhibi

support research in climate science such as the analysis of deep convection threugh-over time and space.

1 Introduction

Clouds and their interdependent feedback mechanisms have been a source of uncertainty in Earth system models for decades.
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2014; Seiz and Davies, 2006; Noh et al.,
et al.,

2012), or the derivation of the multi-angle geometry of neighboring clouds (Barker et al.,

2022), the integration of radratlve transfer approaches (Forster et al., 2021; Zhang

2011; Ham et al:, 2015)
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plalnable information ef C|ently (Lee etal., 2021; Karpatne et al., 2019). Here, the usage of arti cial intelligence (Al) has been
assigned a primary role (Runge et al., 2019). Cloud properties have been analyzed:siefgog Machine Learning (ML) al-
gorithms (Reichstein etal., 2019; Marais etal., 29%9}. The recent technological advances enable unprecedented operations

rates (Han et aI., 2022) or convective onset (Pan et al., 2021) for an |mproved weather fMﬂfemthe%esuH&neheate

inte-3b-dynamiecs(van-denHeuveletal-2020;:Leinonen-etal; 2060 rrent studies by Hilburn et al. (2020) and Leinonen
et al. (2019) use Al techniques such as convolutional neural networks (CNN) and conditional generative adversarial net-
works (CGAN) to address this issuia i i

the UNet (Ronneberger et al., 2015; Jiao et al., 2020; Wieland et al., z@sﬂ)}y&p{enmsmg—staﬂ%&may reconstruct



its adjacent boundaries, shadow locations, and geomet@wmg%aehelea&as&eermeeted&nﬁw(wgang etal., 2023)
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2 Methods

110 2.1 Datagverview
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VISO6 Q:.:635 056071 yes
VISOS 081 :::9:174-0.88 yes
NIR16 ::L:.6 :;:.::5-1.78 yes
IR3.9 .3.92 .3,48-4.36 :::q:aytime
WV6.2 6.25 .9,35-7.15 .no
WV7.3 1.35 .6,85-7.85 .no
IR8.7 .8.70 .8,30-9.10 .no
IR9.7 .9.66 .9.38-9.94 .no
IR10.8 10.8 .9.80-11.80 no
IB:12.0 120 ::}::1::.00-13.00 no
::IR::::13.4 134 :::;:%.40-14.40 no
HRV n/a 0.5-0.9 yes

senseracedracyat the satellite'seuterOur approachuses11 channels.The HRV. channelis excludeddue to. its different

resolutionand uncertainaddedvalue. Threeof the channelsare sensitiveto solarradiation,which restrictsus to usingonly

radarseenese-ectthepredominantioudstructureatthegiventranseeteceivesa 2D crosssectionof thecloudcolumnwith a
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asehematiesiew-of-thematehingsehemekirst-the We obtaintraining datafor our studyby aligning MSG SEVIRI scenes

with CloudSatradardataasshownin Figurel (a). To matchthe datasetswe comparetheir timestamps and locatioatbeth

We preparghematchedmage-pro lepairsfor furtherprocessingTo dothis,we combinethe 11 MSG SEVIRI channelsnto




Figure 1. Work ow of the study. PartZ) (a) points out the moving-window approach used for matching the radar and the satellite data. Steps
needed for the processing of both datasetsedepicted ini2)(b). In {3)(c), the architecture of the proposed Res-UNetitstredalongside

transectsmissingvaluesto maintainthe CloudSatdata'slocationduringtraining. We usethesepixel indicesto computethe
losshetweerthe CloudSatdataandthe predictedcrosssectionandto evaluatethe modelperformance.
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hand et al., 2008All radar re ectivity valuesZqg were normalizede-betweer(-1,1] as

200 follows

Zq4e +35dB +
55dB

2% =2 1 (2)

205 2.2 Model architecture and training
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Its feasibility for complex meteorological dateasinvestigatechefore, e.g.geteeting

ne a a' a¥e hnlein-e

(H,W)]. We calculatethe RMSE betweerthe observecandpredictedcloud columnandscalethe outputbetween 35-20dBZ.
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305 Gem&m%g#m%e&pa%seﬁThe_Qutputl a3D_.r.e_ectlwty__!mageof__90x 100 x 100 plxelsn{eajwned%DJQredmleHe#Q%O

310 2.3.3 €leuwd-Computing the cloud top properties

315 feHhevahda{wﬁda{e(Wang etal., 2023)We usethe FD predictiongfor the testdatase(May 2016)for. thecomputat|on The

320 agg%ega&eren&memhlysealeﬁtewd%heeﬂﬂgsulqs:qglnary::c_l:g::s& cationfor, eachplxelzgn_t:he3D::gloud:::eld On

property dAtAset using SEVIRI, Edltlon 2) (Flnken3|eper et al., ZO%edI:tzls_Qased)n the MSG SEVIRI channels and
additional model dataCEAAS-VOO2ELandprovides information on the macrophysical and microphysical cloud properties.
325 Itis-availableas\We usea monthly aggregate with a resolution of 0.05 ° on the MSG SEVIRI Hik geatis-teratethe

12
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3 Results

erestimatghe occurrenceof re ectivities < -20 dBZ (Fig. 2, b—d). The OLS shows

steepestiiversienforthe OLS-Appearingln thejoint plot, thehighestagreemenéppearsn the shape ofiwve-centrastinggarts,
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a similar distributionfor the Res-UNetandthe Res-UNetperformsbesteutof-RF, whereaghe error of the threepropesed
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375 datasebetweerR.4-24km. Theresultspoint out anoveralllower RMSE for the Res-UNetreeonstructshe cloudsalongthe

380
dBZfortheReS-UNet,lOdBZfor the R
385
390 fe UNetaceompanieshissuddenaug atiorof availabledata Fu
a-deereasindRMSE-Mere-uniform-cloudsabevet5-km, a). We observea lower modelerror (Fig. 4) andreduceddifference
395
400

405 Forthe Res-UNetwe observea RMSE betweerB.3.and8.2 dBZ. The overall shape and increased intensi cation towards

the cloud's core follow the radar, even though edges are blurredp@akire ectivities remain underestimated (Fig-5, b).
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410 cloudsareonly partly representedFig. 5, 11, 1V). Insteadwe observea simpli cation of thesecloudlayers.

415 alongthe cloud column.We seea continuouscloud signal betweenb-15km (Fig. 5, €). Contrastingthe Res-UNetpredicts
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(c)..andthe RF (d) for eachtransec(l)~(IV) . The RMSE describeghe error betweerthe CloudSadataandthe predictedpro le.
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3.3 Implications-and-sampleapplications

imagesarethe basisto-createcomprehensivpredictions, we predictcloudson the MSG SEVIRFBAOI. Sincethe network

of overlapping 128 x 128 pixel images as described in Section 2.3.2. After feeding each subset into the network, the output
samplediles of 90 x 100 x 100 pixels were merged intg-& scene of 90 x 2400 x 2400 pixels for the whole AQheresuits

of the column'smaximumre ectivity- demonstraigFig. 6, a),

pixels) to.demonstratg¢he absenceof artifacts betweenthe tiles. High.reachingconvectivecomplexes(b) and large-scale

low-level andmulti-layer cloudsaredisplayedascontiguousentities.

of thegeographigocationon the modelpredictionsaswell asthein uence of the CloudSarbit.
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60°Nand60 OS(n :1500)
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importanceonthebackground/aluefor thewholedistribution.Forvalues> -15dBZ, thedifferencebetweerthe

465 distributionsdecreaseslhe shift of the distributionis re ectedin the CTH in Figure8 (b). Both datasets display a maximum

CTH atup-te-7 km height. This rst peak is overestimated by the modéle-absenesmt-a-A second peak around 12-15

km height isre ectedwithin-the normalizeddifference .Here,themodelsh eupedelsealindesine s ihaclhas s nong|
da{aéFig.—é:ngggrestimatepy_the:ﬁ_e:s-UNe':[:.:l'he:g:i::fferencgp_etweer;:he:p::rzgdicteo:lg H:is::r:g: ected Within_ﬁigureﬁ :(d). The
470
475

the FD CTH on the testdatasetFor eachtime step,we calculatethe CTH on the FD_and

480 predictedCTH hasa resolution
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the performancef the predictionsdecreasesl he geographicatlifferencesareonly partly in accordancgo the distributionof
505

aswell asderivedproductsandadditionaldata,Eachof thembring their own bias, potentiallymultiplying their effectson the

510 _nal CTH. In contrast,our CTH is basedonly on the predictedre ectivity. In that way, we canminimize the in uence_of
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