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Abstract

Deep convection possas markedlydistinct propertiesit different spatiotemporal scal&ge
present a original high-resolution (4m, hourly)unified data producbf mesoscaleonvective
systemgMCSs)and isolated deep convectid®C) in the United Statesast of the Rocky
Mountainsandexaminetheir climatologicalcharacteristicerom 2004to 2017.Thedata product
is producedy applyingan updated-lexible Object Tracker algoritho hourly satellite
brightness temperatungdar reflectivity andprecipitationdatasetsAnalysis ofthe data product
shows thatMCSs aremuch largeandlongerlastingthan IDC,but IDC occus about 100 times
more frequeny than MCS, with ameanconvective intensity comparabletttat of MCSs.
Hence loth MCS andDC areessentiatontributors to precipitation east of the Rocky
Mountains although theiprecipitation showsignificanty different spatiotemporal
characteristics. IDC precipitation concentrates in summer in the Southeast with a peak in the late
afterroon, while MCS precipitations significant in all seasanespecially for spring and
summerin the Great Plaind'he spatial distribution of MCS precipitation amounts vabies
seasonswhile diurnally, MCS precipitatiorgenerally peaks during nighttime excéepthe
SoutheastPotential uncertainties and limitations of theta producarealsodiscussedThedata
productis useful for investigatinthe atmospheric environmesandphysical process
associated witklifferent types otonvective systes) quantifyingtheimpactsof convectioron
hydrology, atmospheric chemistry, and severe weather ewmsvaluating andmprovingthe
representationf convectiveprocesssin weather and climate modelhedata praluctis

available atttp://dx.doi.org/10.25584/16320Qki et al., 2020)



http://dx.doi.org/10.25584/1632005

34

35

36

37

38

39

40

41

42

43

44

45

46

47

48

49

50

51

52

53

54

55

1 Introduction

In the atmosphere, deep convection refers to thermally driven turbulent mixing that
displaces air parcels from the lower atmospherehe tropospherabove 500 hPéavison,
1999) leading to the development @dnvectivestorms The heavyain-ratesassociated with
deep convectiogansignificantly affecthewater cycleg(Hu et al., 2020and other aspects such
assoil erosionNearing et al., 2004¥surface water qualitgCarpenter et al., 2018; Motew et al.,
2018) andmanaged and unmanaged ecosyst@ngel et al., 2005; Derbile and Kasei, 2012;
Rosenzweig et al., 2008 at areessentiaklements othe biogeochemical cycl8y
redistributhg heat, mass, and momentuwvithin the atmospheraleep convection also has
important effects oratmospheric chemistifAnderson et al., 2017; Andreae et al., 2001; Choi et
al., 2014; Grewe, 200Thompson et al., 1997; Twohy et al., 20d3djgescale environments
(Houze Jr, 2004; Piani et al., 2000; Stensrud, 1996, 2013; Wang, a8d3gadiation balance

(Feng et al., 2011; Zhang et al., 2017)

Besides iteffects onthe energy, water, and biogeochemical cyallesp convectioalso
has more direct societal impactss a significant source of natudaazards such as tornadoes,
hail, wind gusts, lightning, and flash floodindeep convectioposes critical threats to human
life and propertyBrooks et al., 2003; Doswell 1l et al., 1996; Koehler, 2020; Taszarek et al.,
2020) During 1950i 1994, deep convection thunderstorms produced 47% of annual rairdall
up to 72% of summer rainfadin average east of the Rocky Mountgi@sangnon, 2001b)
During thesameperiod, both the number of severe thunderstorms and deep convection
precipitationhasincreagdin most regions of the contiguous United Sta@ONUS

(Changnon, 2001a, b; Groisman et al., 20Bé)ger and Reed (2018)und that lazards
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associated witthundestormsaccouneédfor 57% of annual insured catastrophe lossese

1953 Since the 1980sheinflation-adjustedeconomic losses due to convective storms inctease
from about$5 billion toabout$20 billionin the recent decadattps://www.iii.org/fact
statistic/factsstatisticstornadoesandthunderstormygs With warmer temperatureshe

environments of hazardous convective wea#tnerprojected to become more frequent in the
future (Diffenbaugh et al., 2013; Seeley and Romps, 2though few robust trends have

emerged irthe recent decadéslouze Jr et al., 2019; ppett et al., 2015)

The crucial roles of deep convectiomtivate the need for moeecurate and
comprehenive dataset$o improve understanding and modeling of this process and its impacts.
To this end, datasetgth informationon thelocationand time ofoccurrenceintensity, and other
propertieof deep convectioare necessary tinderstanénd quantifyits impacts orthe
hydrologc cycle severe weather hazardsrge scale circulatiog etc While field campaigrdata
canprovide detailed informatioron deep convectiopropertiestheyare limited inspacetime
coveragdor statisti@al analysisA correspondingeliable longtermdataetis undoubtedly

useful formodelevaluation and developmefitrein et al., 2017; Yang et al., 2017)

Deep convection can exiasisolated convective stormer organizedstormswith
mesoscale structures mesoscale convective syst¢MCS)is anaggregate ofonvective
stormsorganized inta larger andongerlived systemwhichis the largest typef deep
convectionDue tother muchlonger duration antiroacer spatial coverage, MGjenerally
havestronger andbngerlastinginfluences on largscale circulations than isolated deep
convection(IDC) events(Bigelbach &al., 2014; Stensrud, 1996, 2018)CSs mayalso poduce

higherrainrates, larger echo top heights, and greater water and ice rtessiE3C (Rowe et
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al., 2011, 2012)The enhanced rain rates MCSs might be caused by larger amounts of ice
falling out and melting, higher amounts of liquid water below the melting level, and higher
concentrations of smaller drofRowe et al., 2011, 2012Rowe et al. (20123lso suggesdthat
the enhanced rainfall from MCSdght be associated with more favorable environmental
conditions, such asigherconvective available potential energy (CAPE) and wind si&®PE
and wind sheatan impose different impacts the initiation and evolution #DC and MCSs

(French and Parker, 2008)

Considering the significant differences betw#e@ and MCSevents a reliablelong-term
datasetnot only describing the characteristics of deep convection but also sepHd&tiegents
from MCSsis useful With the deployment abperationatemote sensing platforms such as
geostationargatellites angroundbased adarnetworkseveral decades agrientistshave
developechumerical algorithrato automaticallydetect deeponvectve systems and track their
evolutionsover large areaandfor long duration®n the basisf continuous measurements from
remote sensorintineo et al., 2013; Feng et al., 2011; Feng et al., 2012; Futyan and Del Genio,
2007; Geerts1998; Hodges and Thorncroft, 1997; Liu et al., 2007; Machado et al.,. 1998)
Objective tracking of deeponvection habeenapplied togeostationary satellitéata(Cintineo
et al., 2013; Sieglaff et al., 2013; Walker et al., 2GRJNext Generation Weather Radar
(NEXRAD) data(Haberlie and Ashley, 2019; Pinto et al., 20itbhe United States (US)ver
different periodsHowever, dong-termclimatologcal dataproductof MCS andDC events

over the CONU®as heretofore not been developed

Here building onthe workby Feng et al. (2019whichdeveloped an algorithm foiCS

tracking and alatasefor MCSs for eastern CONU®/e producea unified high-resolutiondata
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productof bothMCS andIDC eventsandanalyzetheir characteristics east of the Rocky
Mountains br 20047 2017 Thedata products developedy applying an updateelexible
Object Tracker (FLEXTRKR) algorithrfiFeng efal., 2018; Feng et al., 2018hd the Storm
Labeling in Three Dimensions (SL3D) algoritt{8tarzec et al., 201179 the NCEP (National
Centers for Environmental PredictionGPP (the Gmate Prediction Center) L3km Global
Merged IR V1 brightness temperatiffig) datase{Janowiak et al., 2017)he 3D Gridded
NEXRAD Radar (Gridrad) datasgiomeyer and Bowman, 201 ihe NCEPStage IV
precipitation datas€tin and Mitchell, 2005)and melting level heights from ERARCMWF,
2018) Section 2 describes the updated FLEXTR#&®RI SL3Dalgorithmsin detail as well as
the source datasets uskythealgorithms.In Section 3, we first compare the climatatag
characteristics between MCS and IB@ntsbased on the MCS/ID@ata productThen as an
application of thalata productwe examinethe spatiotemporal precipitath characteristics of
MCS and IDCeventsIn Section 4, we discuss the uncertainties and limitations aféatze
product Section Srovides the availability information of thdata productFinally, we

summarize the study in Section 6.

2 Sourcedatasets and algorithms

2.1 Source datasets

2.1.1Merged 4km Infared brightness temperature dataset

In this study, wedentify cold cloud associated wittMCSs andIDC by usingthe NOAA
NCEP/CPP L3alf-hourly 4km GlobalMergedIR V1 infrared Ty, datafor 20041 2017

(Janowiak et al., 2017The dataetis acombination of various geostationdRy satelliteswith
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parallax correction and viewing angle correction, therefore, praymbntinuous coverage
globally from 603 7 60N with ahorizontalresolution of about 4m and a temporal resolution
of 0.5 hourgJanowiak et al., 2001)Ve only use the holy T, data in the=LEXTRKR

algorithmdiscussed belowas all other datasesseonly available aBnhouty interval

2.12 Threedimensional Gridded NEXRAD Radd@sridrad) dataset

Gridradis an hourly 3D radar reflectivity (&) mosaic combining individual NEXRAD
radar observations @Cartesian gridded dataset, witharizontal resolution of 0.02°x0.02°
and a vertical resolution of 1 km. The dataset cov&s8N to 69°W in longitude, 25°N to 49°
N in latitude, and 1 to 24 km in altitude above sea level (ABbjneyer ad Bowman (2017)
produced the dataset by applying a fdimensional binning procedure to merge lexe&l data
from 125 National Weather Service (NWS) NEXRAD weather radars to Griglicdidboxes at
analysis times. Only the levlobservations within 300 km of each radar and 3.8 minutes of the
analysis time werasedin the binning procedure. The Gridrad &as the weighted average of
the level2 observations within the Gridrad gridXas to reducéhe potential loss of information.
The weight calculation of each lev2lobservation followed a Gaussian scheme in both space
and time. Observation weight was negatively correlated with the distance of the observation from
the source radamnd the time difference between the observation and analysis time. The Gridrad
dataset provides the total weight of the lex@lbservations within each Gridrad grid box, which
is useful for quality controln addition the number of level radar observains (Nobg and the
number of leveR radar observationsith echoegNechg within each Gridrad grid box around

analysis times# 3.8 min) are also available in the Gridrad dataset.
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We obtain the Gridrad datasets between 2004 and 2017 from NCAR/UCARdReBata

Archive (RDA) (https://rda.ucar.edu/datasets/ds841dst access: Jan 2, 2020). Following the

guality controlcriteria ofHomeyer and Bowman (201@)ttp://gridrad.org/software.htmlast

access: Jan 22, 2020), we remove potentialdaality observations, scanning artifagadnon
meteorological ectesfrom biological scatters and artifacihenwe regrid GridradZy onto the
4 km satelliteMerged IRgridsby using the Abilinear o method

Framework (ESMFPythonmodule {ttps://www.earthsystemcog.org/projects/espg/

follows.

First, we convertthe Gridradlogarithmic reflectivity Zy to linear reflectivity(Z% mmf m3).
Wethenset 2in grid boxeswith radar observations but no echoespg® 0, butZy = NAN;
NAN, Not-A-Numbej) to 0 (2= 0). Here the physicahterpretatioris that NEXRADscans
those grid boxes, but rdetectablénydrometers returnany echo. Therimary motivation of this
procedure is to avoid tlreduction of themumber of valid reflectivity values after-ggidding, as
the ESMF bilinear method treats destination point as NANbag aghere is one NANalue in
thesource poird A common scenario is at the edge between hydrometeor echoes and clear air.
Setting 2 of those grid boxes having radar observations but no echoes to NAN would cause all
surrounding destination points becomeNAN even though all other source points have vafid Z

values, which would redudbe number ofe-griddedvalid Z4 (Z1 ® NAN) by about 20%dr

2004i2017. Aft er -griddiegofiZ) welconvedhelinéar reflectivity Zback to

thelogarithmic reflectivity Zi. And weset Z; equal to NAN for those grid boxes witl &jual

to 0. Now the NAN values ar ealgarthmeng ELEXTRKR an d

algorithmdiscussed below

f

r

w
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2.13 NCEPStage I\precipitation dataset

The NCEPStage IVprecipitation dataset provides hourly rain accumulations over polar

stereographic grids across the CONUS with a resolution of 4.76 km at 60N since 2002. The

dataset is a mosaic girecipitation estimatefsom 12 Rver Forecast Centers (RFCs) over the

CONUS (tage IVdata in Alaska and Puerto Rico are archived separdtetyand Mitchell,

2005; Nelson et al., 2016rach RF(oroduces its precipitation estimates through a combination

of radar andain gauge datbased orthe multisensory precipitation estimator (MPE) algorithm

(for most RFCs), P3 algorith(fior ArkansasRed basin RE), or Mountain Mapper algorithm

(for CaliforniaNevada, Northwest, and Coloratiasin RFCsvith missing radaderived

estimate}(Nelson et al., 2016 5ome manual quality control steps are conducted to remove bad

radar and gauge data before ragange mergingLin and Mitchell, 2005; Nelson et al., 2016)

The Stage IVdataset has been widely usesh basis to evaluate model simulagosatellite

precipitation estimats, and radar precipitation estimatavis et al., 2006; Gourley et al., 2011;

Kalinga and Gan, 2010; Lopez, 2011; Yuan et2008) Here, weobtainthe hourly Stage IV

precipitationfor 20047 2017from NCAR/UCARRDA (https://rda.ucar.edu/datasets/ds5Q7.5/

last accesdec 28,2019. We regrid the origingbtage IV precipitation fromolar stereographic

grids tothe4 km satelliteMerged IRgridsb vy

usi

ng

t

he

finearESMF st odo m

ANCLOmodule https://www.ncl.ucar.edu/Applications/ESMF.shinfhe A near eststodo

maps eacklestination point to the closest source point.

2.1.4 ERAS melting leveataset

Melting hydrometeorproduce intenseadarechoes in a horizontal layer about 0.5 km thick

located just below the°C level(melting level)

wh i

c h

S

k no(@@mangasdedtbr i gh
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al., 2008; Steiner et al., 1999)he brightbandsignaturesre ofterpronouncedor stratiform
precipitation, while conveate precigtation produceswvell-defined vertical cores of maximum
reflectivity, diluting the bright-band signal¢Giangrande et al., 2008; Steiner et al., 1995)
Therefore, he SL3D algorithmthat isdescribed belovexaminesZy above the melting level to
avoid the false identification of stratiforrain as convectivéStarzec et al., 201.7n this study,

we use the hourly melting leviekighs from the ERAS reanalysis dataset.

ERADJ, asthe successor to ERKterim, contains many modeling improvements and more
observationdased orlD-Var data assimilation using Cycle 41r2 of the Integrated Forecasting
System (IFS) at the European Centre for MedRamge Weather Forecasts (ECMWERAS
provides hourly estimates ofraospheric variables at a horizontal resolution of 31 km and 137
vertical levels from the surface to 0.0RBafrom 1979to the presentHersbach et al., 2019Ve
obtain ERASN Zer o d e gmeléng leveldheitgslabibve grounpfor 20041 2017and
AOrographyo (geopot e franitha Climatd Data Stere (GDShdisksd s ur f a
(ECMWEF, 2018)last accesslan 242020) TheCDS archivedERAS variableshave been
interpolated to regular latitude/longitude gnish a resolution of 0.25x0.25°. We calclate
melting level heightASLf r om fiZer o degr ee divideddy 08665ms’ [ Or o g |
to obtainground surface height). Finally, wegridthehourly 0.25° melting level heights ASL

to the 4km satelliteMerged IRgridsby usingtheESMFiine ar est s.t odo met hod

We summarize the basic information of the four types of source datasets iriATaBlied,
we define oudata productiomain as 10W 1 70W in longitude and 25N 51N in latitude
(Figure 1) which coverghe USeast of the Rocky Mountains and exclutteswesernUS. The

domain coverage takes into consideration the availability of the GridRad radar dataset, the

10



208

209

210

211

relatively scarce radar coverage over the Rocky Mountantsassociated uncertainties in radar
basedStage IVprecipitationestimates in complex terraifidelson et al., 2016 As shown in
Figure I, we further define four regions in the dom#oitowing Feng et al. (2019Northern

Great Plains (NGP), Southern Great Plains (SGP), Southeast (SE), and Northeast (NE).

11
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Figure 1. (a) Data productlomain and region definitionBlue shading denotes the Northern
Great PlaingNGP), greenyellow shading denotes the Southern Great P(&G) light steel
blue shading denotes the South€8&t), and orange shading denotes the North@#s}). The
locaionsof someUS stateswithin each regiorare also labeled. TX is for Texas, OK for
Oklahoma, KS for Kansas, NE for Nebraska, IA for lowa, MO for Missouri, AR for Arkansas,
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LA for Louisiana, MS for Mississippi, AL for Alabama, TN for Tennessee, KY forteky,
and FL for Florida(b) The locatiorof the data product domafred box)in North America.

2.2 Algorithm description

2.2.1SL3Dalgorithm

The SL3Dalgorithmexploits GridradZ to classify eaclgrid columnwith radar echoes
into five categories: convectivprecipitatng stratiform, norprecipitatng stratiform, anvil and
convectiveupdraft(Starzec et al., 2017$L3D identifiesthese five categoriesiccesisely
following the criteria listed in Tabla2. We runthe SL3Dalgorithmfor 20047 2017 by using
the regriddedERAS melting level heights and Gridrad datasetiescribed in Section 2.1
Figure 2eshowsan example of the SL3D classification results based on GridréBigure 2d)
at200507-04T03:00:00ZA sizeableconvective system with intense radar exdend
precipitation is observed in Kansas, and many isolated convestamsarealso observed ithe
SoutheastThe SL3D classification results will hesed in théollowing FLEXTRKR algorithm
to identify convective core features (CCFs, continuous updraft/convective areas with
precipitation > 0 mnin?, whichare used to indicate the existence&afivective activity in the
IDC definition; red regions in Figurd) and precipitation features (PFs, continuous
updraft/convectivgrecipitatingstratiform areas with precipitation > 1 nim; greenarea in
Figure3, which are used to denote the sizesmivective systems in the MCS and IDC

definitions.
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2.2.2MCJIDC identification and tracking

The FLEXTRKR algorithm wa#rst developed andsed byFeng et al. (2019p track
MCSs.In this study, ve furtherupdatethe algorithmso thatit can identify and track MCS and

IDC eventssimultaneously

Figure3 displays theschematiof FLEXTRKR (Feng et al., 2019) he first step is to
identify cold cloud system&CSs continuous areas with, K 241 K) at each hour by applying a
multiple Tt hr es hol d fidet e c {Futymmahd BelpGereoa2d@)Veagarphrfar a ¢ h
cold cloud corswith Tp < 225 Kandspread the cold cloud ca® contiguous areas with, €
241 K.Cloud systemshat do notontain a cold cloud cofeut with Tp < 241 Karealso labeled
as long as they can form camtiows areasvith at least 64 kr(4 pixels).In addition as
described irFeng et al. (2019 CSsthatsharethe sameoherenprecipitationfeatureare
combinedas a single CCR coherent precipitatiofeatureis defined as continuous areas with
smoothed Z at 2 km> 28 dBZ(if Z is not availableat 2 km use 4 at 3 kminsteadf it is
available)(Feng et al., 2019We use & x 5 pixel moving window to smooth+Z Figure2b
shows an example of the CCSs identified in the firstistesed o, at 200507-04T03:00:00Z

AClI oud 1 @bcorrespénsitgaldarge area of lowylin the central USFigure 2a)

In step 2CCSs between two consecutive hours are linked if their spatial overlaps are
50 %Linkdid m etlee CE€Ssareconsidered to bom the samesloud systemd-LEXTRKR
produces tracks by extending the link between two consecutive time stepgmdirdteacking
period, as shown in Figu@ Each trackepresentshe lifecycle of a cloud system. We calculate
a series o€CSsummarystatistics associated with each track, such as-k#38d lifetime of the

track (the duration of the track when CE€&epresat), CCS area, CCS major axis length, CCS

14
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propagatiorspeed, etBesides SL3D classificatior{fFigure 2e)andStage IVprecipitation

(Figures 2cwithin the tracked CC&reassociatd with the tracks and their merges and splits
(described below). Then, vean obtain CCF and PF statistics of each track, such as convective
and stratiform area, precipitation intensity and covenagigrderivedechatop heights, PF

major axis length, CCF major axis length, intense convective(celhvective cef with column
maximumr e f | e ct i vand precightatidn5> 1 chid ¥ pink areas in Figur, which are

used tandicateintenseconvective activity in the following MCS definitippetc.

Merging and splitting refer to situations when two or more C@&éir&ked to one CCS
between consecutive houfaguresAl andA?2). A track associated with the largest CCS is
defined aghe main track (Figur&3), and smaller tracksom merges/splitare regarded as
parts of the main track when calculating PF @&F statisticsln the algorithm, we require that
afimerge&/osplito track associated with an M@BC eventmust have a CG8ased lifetime of

no more than 5 hours. Otherwise, we treat it as an independent track.

The identification of MC&nd IDCis based o the CCS, PF, and CCF statistics of the
tracks.Following the definition of MCSs bifeng et al. (2019Figure4), we define a track as an
MCS if it satisfieghe following criteria 1) there is at leasinepixel of cold cloud core during
the whole lifecycle of the track; 2) CCS areas associated withaitie surpass 60,000 Krfor
more than six continuous hours; 3) PF major axis leegtbedingl00 km and intense
convective cell areasf at least 16 krhexistfor more tharfive consecutive hour€onsidering
the lack of a strict and univer9dICS defintion (Geerts et al., 201 Haberlie and Ashley, 2019;
Pinto et al., 2015; Prein et al., 201%e evéuate the impact of different MCS definition criteria

onthedata producin Section 4.4For the noAMICS tracks, we further identify IDC with the

15
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following two criteria(Figure4): 1) a CCS with at least 64 Kr(# pixels) is detecte®) atleast

1 hour during the lifecycle of the track when PF and @€present (PF and CCF major axis
lengthsO4 km).In addition for each IDCevent the CCSbased lifetime of associated merge
andsplit trackscannotsurpass the lifetime of the ID€sent Here, the IDC criteria denote a low
limit in convective signals that we can identify by using the FLEXRR#gorithm and given

source datasetRotential uncertainties associated with the lmnidiscussed in Section 4.3.

Note that while we designate the term IDC to differensatallerconvective stormfrom
MCSs, there are subategories of deep convection within IDC. For example, multicellular
convectionsystemghat do not grow large enough or last long enoughdetour MCS
definition are defined as I DC in our. Gsdrsudy,
of thedata productan further separate swhtegories within IDC using the derived CCF

statistics informationo addresspecificscience questiors research objectives

Finally, the FLEXTRKR algorithm maps MCS/IDC track information backhtedomain
pixels. Figures 2f 2i give an example of the pixtdvel MCS/IDC informatiorat 200507-
04T03:00:00Z Figure 2f displays thepatial coverageof MCS/IDC tracks at thatme at pixel
scale and the corresponding unicuenbersof these trackd=rom Figure 2f, we know whether a
pixel belongs to an MCS/IDC track and tinegmber of the track if the pixel belgs to a track.

We can furthedeterminewvhether the track is an MCS or IDC event from Figure 2g, which
shows the types (MCS or IDC) of the tracks in Figure 2f at pixel scale. Figures 2h and 2i are
similar to Figures 2f and 2g, respectively. The differaedbat Figures 2h and 2i only show
pixels with precipitation > 1 mmhin thathour. Together, hetrackbased CCS, PF, and CCF

statistics of MCS&ndIDC eventsand the pixelevel datasetonstitutethe unified high-
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312

resolutionMCS/IDC data productve developin this study Original Ty (Figure 2a) Stage 1V
precipitation(Figure 2c) Gridrad 4; at 2 km(Figure 2d), and Gridrad derived eetop heights

are also archived in thaata product

We runthe FLEXTRKRalgorithmseparatelyor each year from 2004 2017.The starting
time of eaclcontinuous trackings 00Z onl Jaruary, and the ending time is 23Z 8i
Deember Because winter has the fewdsep convectioevents very few MC3IDC events
extend between two different years based on our investigatiem. the lifetimes of MC8DC
eventsare much shorter compared to enackingperiod. Therefore, running FLEXTRKR
separately for each yemather than continuously for the whole perfaas Ittle impact on the

MCS/IDC statistics
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314 Figure 2. FLEXTRKR pixel-level outputs at 03:00:00Z on July 4, 200&) is satellite 4. (b)
315 shows identified CCS labels. CCS labels are ungjeach hour. (c) iStage [Vhourly

316 accumulategbrecipitation. (d) is GridradZat 2 km (if it is not available,Zat 3 kmis provided
317 ifitis available). (e) is the SL3D classification resuttsconvective updraft; 2, convective; 3,
318 precipitating stratiform; 4non-precipitating stratiform5, anvi. (f) displays the track numbets
319 which pixels belong. Here, the track numbers are not the real values in the MGEA®C
320 product The track numbershould bauniquethroughouthe whole running period. We adjust
321 the track numbers her e t @Ftrach humbet (Q)givebi gur e cl e
322 information on whethethepixels belong to MC$marked as 19r IDC (marked as 2jracks,
323 which correspond tthe tracks shown if). (h) also displays the track numbésswvhichthe
324 pixels belong, but only for pixels with precipitation > 1 mth {i) is like (g) but corresporsdo
325 (h). All these variables are stored in the FLEXTRKR hourly pieeél output files.

326
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Identify cold cloud system (CCS) at each time step
Link CCSs continuously if overlap > 50% between

two adjacent time steps
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feature (PF)
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and convective
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Convective core Intense convective cells (= 45 dBZ) Convection-associated stratiform

(CCF)

327

328 Figure 3. Scrematic of the FLEXTRKR algorithrhighlighting three key steps in the algorithm:
329 (1) the identification of CCS (upper left), (2) linking of overlapping CCSs (upper right), and (3)

330 the tracking of both PF and CCF (bottom)
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~ PF major axis length > 100 km and intense convective cells 2 16 km?

simultaneously last for > 5 continuous hours

CCS area = 64 km2for at least 1 hour
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-

PF major axis length =4 km and convective core major axis
length = 4 km for at least 1 hour

331

332  Figure 4. Definition of MCS and ID(ased on the FLEXTRKR algorithm shown in Figure 3

333 and the specific threshold values used in the algorithm
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3 Results and discussions

3.1 Climatologcal characteristicof MCS and IDCevents

According to the MCS/ID@ata produgtwe identify45,346 IDCand 454 MCSventseach

year on averageetweer2004and2017in our data productiomain Summer(Junei August)

has the modDC andMCS eventswith averagenumbersof 25,073 an®12, while winter has

the least withaveragequantitiesof 2,545 and37. During spring and autumn, there ar&43 and

9,185 IDCeventsand 122 and 83 MCSeespectively The seasonaleaturewith themost

occurrences of MCSs in winter and the least in sunisr@msistent with the results Gfeerts

(1998)in the Southeast UandHaberlie and Ashley (201@yver portionsof the CONUS east of

the Continental DividéECONUS)

We comparehe climatologcal characteristics of MC&ndIDC eventsin Table 1L.MCSs

havemuchlongerlifetimesthan IDC averaging 21.1 hos(CCSbased) and 18.9 hours (PF

based), compared to 2.1 he(€CSbased andl1.7 hours PFbasedfor IDC. Here, PFbased

lifetime refers to the lifetime determined Bbye MCS/IDC PFs. Only those hours with a

significant PF present (PF major axis lengttO>km for MCS;

O 4

k m

f

or

| DC)

during the lifecycle of an MC®C event which represent the active convective period of a

storm.We find thatMCSs have the longeBt-lifetime in winter (21.3 hours) and the shortest in

summer 17.9 hours)In comparisonlDC hasthe longesPFlifetime inwinter (1.9 hours)but

the summer lifetim¢l.7 hours)s comparable to sprirgnd autumnWe examine theeasonal

cumulative distribution functions (CDFs) of PF lifetimes for MCS and &y€ntsfor 20041

2017in FigureA4. Results showvinter has thdargest fraction oMCS/IDC eventswith longer

lifetimes than other seasons.
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As expected, MCSs are much larger tHa@ keventsn spatial coveragand precipitation
area as shownn Tablel by thecomparisons of CCS ard@F-major axis lengthPF
convectivéstratiformarea,CCF area, and CCF major axis leng#enerally,on averagewinter
MCS/IDC eventsarethe largestn overall spatiatoveraggbothCCS and PF argp while
summerhas the smallesthe larger and longdived MCSs in winter than in summer were also
observed in the Southeast US in 199095 byGeerts (1998)Theremarkale seasonal
differencein MCS/IDC overall spatial coverage mainly due tostratiform area Convective
areas are much smallgran stratibrm area The PF stratiform areaf MCSsin winteris 90,513
km?, 2.4 timeslarger tharthe area of 26,599 khin summey but the PF convective area of
MCSsin winter is 7,293 krfy 14% smaller than 8,465 Krim summerSimilarly, theIDC PF
stratiform arean winteris 3,182 kn%, 2.8 timedarger tharB28 knt in summeywhile the|IDC
PF convective areia winter is528 knt, slightly larger(9%) than 483 kriin summerUnlike
stratiform areasvith the largest value in winteconvective activity ishemost intensén
summeras indicated byhe PFmean convective 28BZ echetop heightin Table 1.Themost
intenseconvective activity reflectthe stronget atmospheric¢hermalinstability due tothe
strongessolar radiationn summerWe further confirm this point by investigatitige MCS/IDC
initiation time. As shown in Figur@5, most MCSandIDC eventdnitiate in the afternoon of
summer when atmospheric instabilisythestrongestconsistent witlGeerts (1998)who found

warmseasorMCSs generally initiated at 12:0014:00 Local Timein the Southeast US

Although MCSsare much larger than ID&ventsin spatial coverage, tiranean convective
20-dBZ echetop heighs, which can be used to represent their mean convective interesiges,
similarin Table 1. And their PF mean convective and stratiform rain rates areoatpa@ble

PF mean convective and stratiform rain rates show significant seasoiaéionsfor both MCS
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379

380

381

382

383

384

385

386

387

388

andIDC events Summer MCSandIDC eventshavethe largest rain rates, followed by autumn.

Winter has théowestrain rates compared to other seasons.

The highresolution nature of the MCS/ID@ata producenablesadetailed examination of
the 3D evolutiors of MCYIDC eventsto investigate the relainships between atmospheric
environments and MCS/IDC characteristics and to examine the impacts gfai@i® C on
hydrology, atmospheric chemistry, and severe wedtheard. Thedata productan also be
used to evaluate and improtre representation &CS/IDC processsin weather and climate
modek. As an example of the application of the MCS/IB&ta produgtin Section3.2, we
investigate the contributieof MCSandIDC eventso preciptation east of the Rocky

Mountains ér 20047 2017.
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Table 1. Annual and seasonal mean characteristics of MQBDC eventsn thedata productdomainfor 20041 2017

MCS IDC

Annual spring Summer autumn winter | annual spring summer autumn winter
CCSbased lifetime / hour 21.1 21.5 19.9 22.1 24.3 21 21 2.0 2.0 2.7
CCS area/ knm? 185436 223230 130769 185246 373220| 6,775 9400 4,542 6,515 20,902
CCS major axis length / km 693 774 568 726 1,067 99 117 86 100 169
PFbased lifetimé/ hour 18.9 19.3 17.9 19.7 21.3 1.7 1.7 1.7 1.7 19
Major axis length of the largest PFkm 397 426 325 436 620 63 69 56 69 93
PF convective aré# km? 8,273 8,589 8,465 7,752 7,293 494 509 483 502 528
PF stratiform area / kin 41336 47241 26559 48376 90,513 1,261 1,610 828 1,583 3,182
PF mean convective rain rate / mrh h 4.4 3.9 4.7 4.5 3.8 4.2 3.4 4.5 4.3 3.0
PF mean stratiform rain rate /mm h 2.6 2.4 2.8 2.6 2.2 2.8 25 3.0 2.9 2.3
PF mean convective 20BZ echatop height / km 6.5 6.2 7.2 6.0 4.9 6.6 6.1 7.0 6.2 5.0
Area of the largest CCF / Km 2,578 2,515 2,983 2,068 1,606 343 359 339 340 349
Major axis length of the largest CCF / km 109 109 117 100 92 29 30 29 29 31

L1n this table, for hourly characteristics (all variables except for-6&®d lifetime and RPBased lifetime), wgenerallyfirst calculate the average values of the characteristics
during the duration of each M@BC eventexcept for the max 30/40BZ echetop heights, which are the maximum values of the attributes within the p&hHed we calculate

the mean values of the characteristics of all MOS events For example, an MCS has a C8&sed lifetime of 10 hours. Dug its duration, it has a CCS at each hour. We

calculate the average CCS area during the 10 hours, which is the average CCS area of the MCS. Then, we average aifistC8siigiat period to derive the values shown

in this row.

2 Lifetimes of MCSIDC eventsdetermined by PFs. Only count those hours of an MZSeventwith a significant PF present (PF major axis length > 20 km for ICSO 4

for IDC).

3 There can be multiple PFs and CCFs at a given time for anlRIC®vent Lafgesbd means onlythe largest PF or CCE usedn the calculation.
4There can be multiple PFs and CCFs at a given time for anlRRC®vent If not specified,all PFs/CCFsre considered-or example, convective areas of all PFagiven

time aresummedo represent the PF convective area of an MDOE eventat that timeSimilarly, theconvectiverain rates of all PFs athegiven timeare averagetb represent
the PF mean convective rain ratetted MCS/IDC at that time.
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3.2 Precipitation characteristics from different sources

Herewe only consider hourly data with precipitation > 1 mi{fReng et al., 2019At 4
km resolution, precipitation less than 1 rhthaccounts for less thal®% of the total
precipitation, and the uncertainty @fdarderived precipitation at such low rainfall intensity is
typically large.Including hourlydata with precipitatio®1 mm h'in the calculation will
change the valueshownin this study but wilheither affect the comparisamong MCS, IDC,
andnon-convective (NC)recipitation nor the spatial distribution patternslere, NC
precipitationrefers to precipitationot associated witanyMCS or IDC events and is mainly
from stratiform rainTotal precipitation is the sum of MCS, IDC, aN@ precipitation.It is
noteworthy thalNC precipitation may contasome convectio@associated rain due to the
limitation of the source datasets and the algoritbsesl in this study. More relevant detaite

discussed in Section 3.2.3 and Section 4.

3.2.1Annual spatial distributions dfifferent types gbrecipitation

According to the MCS/ID@ata productthe annualaverageotal precipitatioreast otthe
Rocky Mountainsn theUS (US grid cellsin Figure 1) is 691 mrbetweer2004and2017with
a mean precipitation intensity of 3.6 mnm. MCSscontributethe most to the total precipitation
with a fraction of 45%, followed bNC (30%) and IDC (25%)And the mean precipitation
intensities of MCSs (4.4 mmhand IDC (3.8 mm ) are much larger thadC (2.7 mm ht).
Our MCS precipitation fraction (45%) isgher than that (~30%) froidaberlie and Ashley
(2019)overtheECONUSdue to their different algorithms and stricter criterigréak and

define MCSs.

Figure5 displaysthe spatiallistributions of annual mean precipitation amounts and

intensities for differenprecipitation typesdr 20041 2017.We also calculate the distributions
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of the fractions of different types of precipitation in Figar&ICS precipitatiorstrongly
affectsthe whole easterdS (105°W 1 70°W, MCS precipitation fractios 46%z=* 12%),
especiallyin the South Central UBMCS precipitatiorfractiors. ~60%) The spatial
distribution patterns of MCS annual precipitation amounts and fractions in Figure 5 are similar
to those fronHaberlie and Ashley (2019although their MCS precipitation fractions are
generdy lower than our resultdDC precipitationis concentrate in theSE and NEcoasal
area, with peak values ifrlorida.NC precipitationis substantialn the eastern and southern
regions with ample moistusaipplyandcontributesover 35%to thetotal precipitatioracross
most ofthe NE region The coastal area near Louisiamdnich is significantly affected ball
three types oprecipitation has the mosgbtal precipitationwith annualamountsof over 1350
mm. Theannualtotal precipitatioramountsn most region®©f SEalsoexceed 1,050 mmdue to
MCS contributions While the total precipitatiommountsn most regions of Floridarealso

over1,050mm, they aremainly attributedto IDC.

The spatial patterns of precipitation inteigstare somewhat different from thosge
precipitation amoumst(Figure5). Generallythe southernregions especially in the coastal
areashave larger precipitation intensities ththe northernarea. The MCS precipitation
intensities are the largest in Texas, Louisiana, Oklahoma, and Kansas, significantly shifting
west compared to MCS precipitation amauhinlike IDC precipitation amousiconcentrating
in theSE and NE coastal areas, IDC precipitation intensitieghe largestverthe SGP and
SE. IDC precipitation intensities ovélte NE are much smaller comparedthe SGP and SE,
similar toNC precipitdion intensitiesWe summarizéhe annual mean precipitation amounts

and intensitie®f different types of precipitatiom the NGP, SGP, SE, and NE TableAS.

The distributions of MCS/IDC precipitation amounts are mainly determined by the

distributions of MCS/IDC hour§~iguresb and7). Here,the MCSIDC hour of agrid cell
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during a periods the number of housshenany MCS/IDC eventsproduce> 1 mm hourly
accumulated rainfalh the grid cell The distributions of MCS/IDC precipitationtensities,
although not the main factor, can also affect the distributions of MCS/IDC precipitation
amounts. For examplthe maximum MCS houmarelocated aroundissouri(Figures7a), but
the maximum MCS precipitation amount is in the coastal areawsiama(Figure5c). The
larger MCS precipitation intensities in the southern regommsribute more téthe MCS
precipitation amouni the soutlernUS. In addition,alarge number ofDC eventqIDC
hours> 60h yr?) occurin the NE regionalong the Appalachian Mountai@Bigure7b), but
IDC in that region only contribuggo 20% 1 30%of thetotal precipitation amour{Figure6b)

due tothelow precipitation intensitie@-igure5f).
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Figure 5. Distributions of annual meaprecipitation amounts (a, c, e, g) and intensities (b, d, f,
h) for different types of precipitaticior 20041 2017. (a) and (b) are for total precipitation, (c)
and (d) ardor MCS precipitation, (e) and (f) are for IDC precipitation, and (g) and (Hpare
NC precipitation We only include hourly data with precipitatiorl. mm h' in the calculation
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466 Here, precipitation refers to annual mean valoe2004i 2017.We excludehourly data with
467 precipitationO1 mm h'in the calculation
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Figure 7. Spatialdistributions ofannual meaMCS/IDC houisfor 20047 2017.(a)is for

MCS, and (b) is for IDCThe annual mean MCS/IDC hour of a grid cell is the number of hours
per year when any MCS/IDC evemiduce> 1 mm hourly accumulated rainfatl the grid

cell.

3.2.2 Seasonal spatial distributions different types gbrecipitation

Figures8, A6, andA7 displaythemean seasonal distributions of precipitation amgunt

precipitationfractions and precipitatiomtensitiesfor different typeof precipitationin 20047
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2017.The MCS precipitation centenigratesnorthwardsfrom Arkansas in sprintp northern
Missouri andowa in summerfollowed by asouttward migrationto Louisiana in autumn, and
finally to Mississippi and Alabama in the Southe@sgures8ei 8h) in winter. Theseasonal
shift of the MCS precipitation center agrees witte study oHaberlie and Ashley (2019)
showingdifferent MCS precipitation distributions between warm and cold seas@nshe
ECONUS Spring and summehave much larger MCS precipitation amou@$00 mm)than
autumn(~62mm) andwinter (~50 mm) Themean MCS precipitation amount in springlsse
to that insummer However, the total number of identified MCSs in summer (212) is much
higher than that in spring (122), as discussed in Sectigm3dlthe mean MCS precipitation
intensity in summer (5.2 mm*is also larger than that in spring (4.1 m#) (FigureA7). The
inconsistency idecause MCSs in spring occur in more favorgdnige scale environments with
strong baroclinic forcing and lovevel moisture convergen¢gEeng et al., 2019; Song et al.,
2019) As aresult, spring MCSs are largandlongerlasting andtheyproduce more rainfall
perMCS event compared to those in sumiffeéxble 1) compensatinfpr the fewer number of
MCS eventsand lower precipitation intensiti@s spring The fractions of MCS pregitation
amounts are generally > 35% over the Northern and Southern Great Plains in spring and
summer andan reach up tover 70%within the MCS precipitation centéfFiguresA6ai

A6b). The resultareroughly consistent witkritsch et al. (1986)Wwhich showedthat MCSs
accounteddr about 30% 70% of the warnrseason (ApriSeptember) precipitation over much
of the region between the Rocky Mountains and the Mississippi.Rilierresultarealso
consistent wittHaberlie and Ashley (2019howing MCS precipitation fractiorggenerally >
30% with a peak 60% over the Great Plains between May and Audust tothelow
precipitation amounts of IDC adiC, the fractions of MCS precipitation amounts in autumn
and winter are also largehowing over 50%within theMCS precipitation centefFiguresA6¢

i A6d).
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The IDC precipitation amounts reagimaximum in summeiGentered inthe coastal areas

of the SE, where IDC precipitation contributes to more than 40% of the total precipitation

amountgFigures8i 1 8l andA6e1 A6h). Winter has the least IDC precipitatidkreas of high

IDC precipitationdo not show much seasonal variabijlgyggestinghatIDC is constrained by

local conditionssuch as moisture availabilitigcal solar radiatiorand landatmosphere

interactiors. The NC precipitationamountalso peaks in summednllowed by autumn

particularly in the NEFigures8mi 8p). However, because both MCS and IDC precipitation

amounts are very high in summgre fraction othe NC precipitation amounh summer (28%)

is smaller than that of winter (32%) (Figur6i i A6l). Winter NC precipitation centeoccurs

in the SEcoastalreagFigure8p).
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Figure 8. Distributions of annual mean seasonal precipitation ansdandifferent types of
precipitation br 20047 2017. The first row is for total precipitation, the second for MCS
precipitation, the third row for IDC precipitation, and the fourth rowN@rprecipitation.The
first column shows spring precipitation, the second column for summer, the third column for
autumn, and the fourth column for wintttCS, IDC, and\C precipitation share the same
label barWe exclude hourly data with precipitatil mm h' in the calculation.

The precipitation intensities of all three types peasummer andeach minimums in
winter (FigureA7). In each seasonygcipitation intensities ithe south are larger than those in
thenorth except for MCS precipitation intensities in summarich maxmize in Oklahoma.
We summarizéhe mean seasonal precipitation amounts and intensities of different types of

precipitationover the 4 climate regions of FigureniTableA4.

3.2.3 Diurnal cycles of different types of precipitation

Figure9 shows thanonthlymeandiurnal cycles oprecipitation amounts from MGS
IDC, andNC in theNGP, SGPSE,and NE respectivelyGenerally MCS precipitation peaks
during nighttimein theNGP, SGP, and NE. The seasonal shift of the peaksdpoimg inthe
SGP to summer ithe NGP reflects th@orthward migratiorof the MCS precipitation centén

the Great PlainéFigures 8eand8f).

The SE has significantly different diurnal cycles of MCS precipitation from other regions.
In spring,SEMCS piecipitation is mainly located ithe wesern areagFigure8e), showing
similar diurnal characteristics #s SGP MCS precipitatiobut with peaks in the early
morning and late afternoqfiigures9d and9g). Besides,lie SGPMCS precipitation peaks in
May (Figure9d), while SE pealsin April (Figure9g), suggesting thahe MCS precipitation
center first appears thewesern SE regions (Alabama, Mississippi, and LouisiamaA\pril,
and then movenorthwardsto Arkansasn May. In summerthe SE MCS precipitation diurnal
cycles are more likthose ofiDC (Figures9g and9h), peaking in théate afternoonand much

different from those in the Great Plaifi$ie significanly different precipitation diurnal
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variations between the Great Plains and SE were also identifiddld®rlie and Ashley (2019)
We find that mossummemMCS precipitatiorover theSE occuss nearthe coastal ared&igure
8f), far from the MCS precipitation center in nathMissouri and lowasuggeshg either a
differentMCS genesisnechanismn the SErom those irthe SGP and NGRFeng et al., 2019)
or longduration deegonvectivesystems showing MCé&haracteristicgGeerts, 1998)n
autumn the SE MCS precipitation peaks in the mornigi§igure9g). The diurnal cycle of MCS
precipitation inSeptember shvas mixed features of summer and autuwith peaks both in the
morning and the afternoom winter months, the diurnal cycle thie SE MCS precipitation
shifts from theautumn feature tthe spring featurewith peaks shifbig from the morning to the
afternoon.The distinctdiurnal cycles of & MCS precipitation in different seasang-igure 9g
are roughly consistent with tleerresponding seasordilrnalvariations of MCSoccurrence
frequenciegrom Geerts (1998)where the occurrence tinoe an MCS was defined as the

central time between theitiation and decapf the MCS.

The diurnal cycles ofDC preciptation are consistent in all regio(isigures9b, 9e, 9h,
and9ok), peaking in the late afternoonsammer(Tian et al., 2005)again reflecting the impact
of local instabilitydriven by the solar forcingn IDC developmentNC precipitation(Figures
9c, 9f, 9i, and9l) shows soméiurnal cyclecharacteristics similar ttbC precipitation. It may
be caused by the limitatiasf the temporal resolution dfie datasets used in the FLEXTRKR
algorithm.WeakIDC eventghat areshorter than 1 howould be missed by Gridrad in
identifying CCFsas Gridrad Z only consides reflectivitieswithin + 3.8 minutes othe
analysis timeThese weak IDC could be aliased\€ precipitation, therefore showing some
similar diurnal cyclsas IDC.Another possible reason is that the FLEXTRKR algorithm may
miss some partsf IDC clouds with T, 0241 K, whicharethen classified aslC, so theNC

precipitationexhibits some IDC characteristics
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562 The monthly diurnal cycles of precipitation intensities for MCSs, IDC,Nf@cre
563 generally similar among all regions, peaking in the late afternoon and early mortiieg in

564 warmseasor{FigureA8).
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566 Figure 9. Monthly meandiurnal cycles of precipitation amounts from M8, d, g, j), IDC (b,

567 e, h,k),andNC (c, f, i, l) intheNGP(a, b, ¢),SGP (d, e, )SE(g, h, i), and NE (j, k, [fluring
568 20041 2017
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4 Uncertainties of thedata product

4.1 Uncertainties from source datasets

The NCEP/CPP L3 km GlobalMerged IR V1 T, datasehas beewiew-angle corrected
andre-navigated for parallaklanowiak et al., 2001p reduce errors. However, this
continent is covered by twaeries ofgeostationary IR satellitd SOESW and GEOSE).
During the production of thepataset, the value with the smaller zenith angle is adopted when
duplicate data are available in a grid pideasurementiom different satellites mape

inconsistentJanowiak et al(2001)suggesthis type of inconsistendyp beconsidered minor

FortheGridrad radar datasepmebad volumes have been removed during the production
of Gridrad ;. We furtherfilter out potential lowquality observations, scanning artifacagd
norrmeteorological ectesfrom biological scatters and artifadtdlowing the approaches of
Homeyer and Bowman (201 However, there is another source of error from anomalous
propagation caused by nastandard refractionsf radar signalén the lower atmosphere, which
cannotbe mitigated during the filtering procedure. Netandard refractions can result in
underestimation or overestimation of the tradarbeam altitudethus affedhg the location of
radar reflectivity for binning. Estimatinipe corresponding uncartties is out of the scope of
this study. However, anomalous propagation is typically limited to radar beams traveling long

distances in the boundary layétomeyer and Bowman, 2017)

Stage [Vprecipitationis a mosaic of precipitation estimatessed ora combination of
NEXRAD and gauge data from B¥Cs Therefore, the errerof StagelV arefrom several
sources, such asherent NEXRADbiases, radar quantitative precipitation estimate (QPE)

algorithm biases, bad gauge dagmoval inconsistency among different RE@alltisensory
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processing algorithm inconsistency among different Re@dmosaickng border

discontinuitiegNelson et al., 2016he mostsevere errorsazur inthewestern |$, where

NEXRAD data ardimited, and a gaugenly rainfall estimation algorithm is usédelson et

al., 2016; Smalley et al., 2014Jence arr data produchas ageographicatocus east of the

Rocky Mountainswith the besNEXRAD coverage in the UR\fter regriddingthe Stage IV

precipitation into our «km domain we furthemmanuallyfilter out certainfierroneous
precipitationo hour $osenoudt  erhi sad il Brignecescli pae ¢ .atfi o
pr eci pisdefnédiasudden appearance and disappearance of adangjguousarea ¢

4,800 knt) with intense precipitatiot® 40 mm ht) (FigureA9), which is physically not

possible There are 40 hours in totial the period20047 2017 containinguchferroneous

precipitation 0

As the FLEXTRKR algorithmis applied tcacombination of threendependentypes of
remote sensindatasetsye identifythe mostrobust MCS/IDC eventssatisfying all the criteria
based on the three datasétseduce the potentialfalse classification of tracks as MCSs or
IDC based on any single datas&hd to consider the potentiafrorof ERA5 melting level
heights, we requirBn O 4 5 d B(Zmera Ib) knvf@ convectiveclassificationin the SL3D

algorithm (TableA2).

4.2 The impact of missingata

In the CCS identificatiostepof the FLEXTRKR algorithm we requirehe fraction of
missing satellite Jin the domairat each houto belessthan 2%. Otherwise, the hous
excluded from oudata productDuring 20047 2017,we excluded 16 hourswith missing
satellite T datg accounting for less than 0.6% of the total peridteyear withthe most

missing satellite dats 2008 with 206 missinghours(2.3%), followed by2004 with154 hours
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(1.8%). All other years havao more than 5wissing hoursDuring the link procedure of the
FLEXTRKR algorithm, we seardienext hourif a missing hours enounteredas long as the
time gap between the twbl edbHours is less than 4 houBtherwise, we start new tracks
from the next available hour. This methaiths toreduce the impact of the missing hours.
Considering the high completenessluod satellte T, datain 20041 2017, we conclud#éhatthe

missing satellitelatahave littleeffecton thedata product

We show the distribution of the fractions of vaBithge IVprecipitation datan 20041
2017 in FiguréA10. The fractions are over 97% for all grid celfigshe US in the domainMost
grid cells intheUS have less than 2% missing hours, which should haegligibleimpact on

thedata product

Figure A1l shows the fractions of available Gridnadlectivity data from 20040 2017
between 1 knand12 kmASL. The fractions are relatively highverthe majority of the
tropospherexcept for 1 km ASLBased on the criteria of the SL3D algorithny,& 1 km is
rarelyused and can be easily substituted hyaZ2 km.Generally, Gridrad fegood spatial
coverage during the period with most grid cebist of the Rocky Mountaifmaving fractions >
90% between 2nd9 kmand 80% between 1dhd12 km.The completeness tfie Gridrad
dataset is relatively lower nogpared tdhesatellite b andStage IVprecipitation datasets, and
Gridrad 4, is acrucialvariable inthe SL3D classification and MCS/IDC identification.
Therefore, the missing data of Gridrad ghould have some impacts on data product
However,as an advanced loAgrm highresolution 3D radar reflectivity dataset, Gridrad is

valuable forconstrucing a climatologcal MCS/IDC data product
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635 4.3 Temporalresolution limtation of the source datasets

636 As we discussed in Section 3.2.3, the diurnaleydfNC precipitation show some

637 possible aliasinfrom IDC precipitation. SomeeakIDC events are so short that the hourly
638 datacannot properlgapture theioccurrenceespecially for Gridrad i which only includes
639 reflectivitieswithin + 3.8 minutes oéach hourWe calculate the cumulative distribution
640 functions ofPFbased lifetimes for MC&ndIDC eventsand their associated precipitation
641 thedata producfor 20047 2017, asshownin Figure10. About 75% of IDC events hawePF
642 based lifetime of 1 hour. Therefore, it is almeosttainthat we missome IDC events shorter
643 than 1 hour in theata productHere we give mestimate of the probabilify that a given IDC
644 eventwith a convective signal duration piminutes is detected by radais expressed below

23 3.8 1)

645 =
P 60- X

646 where the numerator is the time window of Gridrad observation in each howrisatin

647 duration oftheIDC event.The detection probability is only about 25% when 30 minutes.

648 To obtain a detection probability of 50%e requirex 045 minutesHence we cannot assess
649 the distribution of IDC convective sigsakith duratiors less than 1 hoursing thecurrenty

650 avadlable datasets. Higheesolution datasetsuch as individual NEXRAD radar dawhich

651 typically has an update cycle of&4min,are necessary to derive the information. However, as
652 shown in FigurelO, we find that precipitation from IDC events wi-hour PF lifetime only
653 accounts for about 10% of the total IDC precipitatibimerefore IDC events with PF lifetimes

654 less than 1 howhouldhavearelatively small impact oprecipitation.
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Figure 10. Cumulative distribution functions of Plfased lifetimes for MCS and ID&/ents
and their associated precipitationthedata productiomainfor 20047 2017. The redsolid line
is forthe number of MCSdhered dash lindor MCS associated precipitatiotie blue solid
line for the number of ID@&vents andtheblue dash lindor IDC associated precipitation.

4.4 The impact oMCS andIDC definition criteria

Theseparatiorbetween MCSand longlastinglDC eventss somewhatuzzy (Feng et al.,

2019; Geerts et al., 2017; Haberlie and Ashley, 2019; Pinto et al., 2015; Prein et al., 2017)

Here, webriefly examine the impact of different MCS/IDC definition critesiathedata

product We change the definition of MCSsrielax the CCS and PF size and duration

thresholds. Specifically, treecond and thirdriteria listed in Section 2.2.2 ameodifiedas

follows: 2) CCS areas associated with the track surpass 40,00fkmore than 4 continuous

hours; 3) PF major axis lengéxceeding8 0

km and

ntense

convective

existfor more than 3 consecutive houtsd we alsaequire thaeachmergéesplit-track

associated with MCS/ID@ventamust have a CG8Based lifetime of no more than 3 houige

keepthe definition of IDCthe sameasdescribed irSection2.2.2, whichis a limit for IDC that

we canidentify based on the soce datasets.
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By using the new definitiorgs expected, the lifetimes and spatial covesaf®ICSs are
reduced, and those of IDC change little because mosei@@tscannotsatisfy the new MCS
criteria(Tables 1 andA5). The annual number of MCSs identified20041 2017 increase
from 454 to 857. The number increases from 122 to 207 in spring, 212 to 434 in summer, 83 to
151 in autumn, and 37 to 62 in winter. As-P&sed lifetimes of MCDC eventsn summer
aretheshorest (Table 1), the new definition has the most significant impact in summer. The
annual number of IDC decreases from 45,346 to 45,225. Reducing thegpkrgietime limit
retainsmore independent ID€vents which isthe reasonvhy the decreasie the number of
IDC eventss smaller than the increasethe number of MCS#Annual mean MCS
precipitation east of the Rocky Mountains increases from 313 mm to 353 mm, while IDC
precipitation decreasérom 170 mm to 130 mnThe fraction of MCS precipitation only
increasedy 6% from 45% to 51% compared to the almost doubling of MCS number (from
454t0 857), suggesting the MCS definition in the origidata products capable of capturing
mostof theimportant MCSswith heavy precigation Similar to MCS numbersummer has
the most increasea MCS precipitation amount, from 100 mm to 119 nAnd annual mean
MCS and IDC precipitation intensitigiecrease slightly as MCS precipitation intensities are
somewhat larger than IDC in most regions (TaBl8sA4, A6, andA7). We summarize the
regional precipitation statisticd theNGP, SGP, SE, and NEased on the new definition in

TablesA6 andA7.

Although the new definition changes the absolute values of MCS/IDC characteristics, the
contrast between MCS and IB#entss still present. The new definitidmes smallimpacst on
the spatial distribution pattesiof MCS/IDC precipitation. AndNC precipitationcharacteristics
are almost the same as befdreerefore, our original definition captures tssential

characteristics of MC&ndIDC events In addition, theoriginal data products complete and
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696 flexible. We store altriteria variable®f MCS/IDC eventsin thedata productUsers can easily

697 change the definition of MCSs and switngtweenrtracksthat are attributed thICS and IDC

698 withoutrer unni ng the FLEXTRKR algorithm. There 1is
699 1 me r lifeente criterion as we do abovieecause they have little impact on the climatalaly

700 characteristics of MC8ndIDC events

701 4.5 Reconmendatios for theusage of thCS/IDC data product

702 Consideringhe limitations and uncertainties mentioned above, we generally recommend
703 using the data product for observational analyses and model evaluations of convection statistics
704 and characteristics over relatively long periods such as a month, a season,raoléultyetake

705 advantage of the long term dataset, although analysis of individual weather events is also

706 possible as supported by the hourly temporal resolution of the data product. In addition, since
707 the completeness and quality of the source radaselade@grade dramatically beyond the US

708 border and over the Rocky Mountains (FigarEL), we recommend the usage of the data

709 product within the CONUS east of the Rocky Mountains to alleviate the impact of the

710 termination of MCS/IDC tracks due to poor radaverage and missing radar data beyond their

711 maximum scan range.

712 Detailed investigation of a short period or a specific MCS/IDC event is acceptable, but
713 cautions should be taken when encountering missing data around the track during the period.
714 Due to thecomplexity of the algorithms used to develop the data product, it is difficult to

715 quantify the impact of missing data on the MCS/IDC track. Therefore, we do not recommend
716 examining a specific MCS/IDC track if there are too many missing data (precipitbsjan,

717  Zu) along the track. Users planning to apply the data product for a specific case study should

718 examine the availability of the source data first, which are also stored in the data product except
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for 3-D Zn due to the large data volume. Users can accessitheab 3-D Z4 at

https://rda.ucar.edu/datasets/ds841.0/ (TAlle

Lastly, although our sensitivity test in Section 4.4 showspiteaipitation characteristics
are similar between two different sets of MCS/IDC definition criteria, we still recommersl use
conduct further sensitivity tests and examine the impadifigrentdefinition criteria on the
results if the data product is applied to other studies, such as the effects @nBIIOE events
on atmospheric circulationvironmental conditions assated with the initiation and

evolution of MCS and IDC eventand MCS/IDC associated weather hazards

5 Data availability

The highresolution(4 km hourly)MCS/IDC data producéindthe corresponding user

guide documerareavailable atttp://dx.doi.org/10.25584/16320(ki et al., 2020) The

original format of thedatafiles is NetCDF4, and we archive them as compressed files for each
year so that thdata producis easily accessibleThe user guide contains a brief explanation
about the approach to develop the data product and a detailed desofigti®latdile content

to help users understand the dataduct

6 Conclusions

Here we presentanified high-resolution (4 km, hourlyjlata producthat describgethe
spatiotemporal characteristics of MCS and 1&@ntsfrom 2004to 2017 east of the Rocky
Mountainsover the CONUSWe produce théata producby applying an updated FLEXTRKR
algorithmto the NCEP/CPP L3 «m GlobalMerged IR V1T, datasset, ERAS5 melting level
heightsthe 3-D Gridradradarreflectivity datasetandthe Stage IVprecipitation dataset

Climatologicalfeatures ofthe MCS and IDCeventsfrom thedata producare comparedvith a
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741 focus on thi precipitation charderistics. Consistent with our definitisof MCSs and IDC in
742 the FLEXTRKR algorithm, we find that MCSs have micbaderspatial coverage and longer
743 duration than IDGvents While there are many moffeequentiDC occurrences than MCSs,

744  themeanconvective intensities of IDC events are comparable to those of MCSs. MCS and IDC
745 eventsboth contribute significantly to precipitation east of the Rocky Mountains but with

746  distinct spatiotemporalariabilities MCS precipiation affects most regions of the eastern US in
747 all seasons, especially in spring and summer. The MCS precipitation wegtates

748 northwardsfrom Arkansas in spring to northern Missouri and lowa in sumfoldowed by a

749  souttward migratiorto Louisianan autumn, andinally to Mississippi and Alabamia the

750 Southeasin winter. IDC precipitatiormostly concentrates ithe Southeastn summer. IDC

751 precipitation shows a significant diurnal cycle in summer months with a peak dra00d

752 17:00Local Timeover all regions east of the Rocky Mountaimscontrast MCS precipitation
753 peaks during nighttime in spring and summer for most regions excepef8outheastwhere

754  MCS precipitation peaks in the late afternoon in sumsigtilar tolDC precipitation. Lastly,

755 we analyze the potential uncertainties ofdlaéa producandthe sensitivity of the dataset to

756 MCS definitionsand give our recommendations for the usage of the data protiectata

757  productwill be useful for investigating the atniseric environmestand physical processes
758 associated with convective systems, quantifying the impacts of convection on hydrology,
759 atmospheric chemistry, severe weath&ardsand other aspects of the energy, water, and
760 biogeochemical cyclegand improving the representation of convective processes in weather

761 and climate models.
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762 Appendix A

763 Table Al. Summary of source datasets used to develop the MCS/IDC data product

Dataset name NCEP/CPP L3 hathourly Threedimensional Griddec NCEP Stage IV ERA5 melting level
4 km Global Merged IR  NEXRAD Radar(Gridrad) precipitation 9
Dataset version Vi V31 V1.0
DOI 10.5067/P4HZBI9N27EKU 10.5065/D6NK3CR7 10.5065/D69293M3 10.24381/cds.adbb2d47

https://cds.climate.coperni

hitps://disc.gsfc.nasa.gov/c https://rda.ucar.edu/datase https://rda.ucar.edu/datase us.eu/cdsapp#!/dataset/rei

URL taSEtS/GPmn—qgﬂrERGIR—lls /ds841.0/ /ds507.5/ alysisera5single
y levels?tab=overview
Last access Dec 28, 2019 Jan 2, 2020 Dec 28, 2019 Jan 24, 2020
Initial sp_atlal Horizontal: ~ 4 km Horlzpntz?ll:o.oz Horizontal: ~ 4 km Horizontal: 0.25°
resolution Vertical: 1 km
Initial temporal 0.5 hours 1 hour 1 hour 1 hour

resolution

764
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765 Table A2. The classification criteria of the Storm Labeling in Three Dimensions (SL3D) alg_;orithm in this study

SL3D category

Criteria

Zwt=25dBZechd op hei ght G 4150 dkBZneiokt)okaZeor Z( p2akednesexceeding
threshold$in at least 30% of the echo column between surface and 9 km.

convective After the above filtering, exclude isolated convective grid points. Finally, grid points that hay@@25
dBZ and are immediately adjacent to other convective grid points are classidigavastive.

precipitating . .

stratiform ZuO 20 dBZ & 30kthBZomtzZ1l km or 2 'k

non-precipitating | no echo or 4 < 20 dBZat 3 km, and echo presents above 3 km. If no echo ati3%km, but echo present:
stratiform above 5 km, classified as an anvil.
anvil No echo at 3 knit 5 km, but echo presents above 5 km
convective convective grid points satisfy: (14xO 4 0 d EQ)Z“,EZ” G n8d d Bvidth dchmes in at least six of
updraft

eight horizontally adjacent grid volumes presents between the surface and 7 km.

766 'Zu: logarithmic radar reflectivity.

767 ?Zner melting level height. If temperatures at different vertical levels within a grid column are all below zero, there ttngdewel. In this
768 situation, we set it = -2.

769 3 Peakedness is the difference between thefZhe grid point being evaluateddithe median Zof a horizontal 1&m radius around the point.

a
770  “threshold=max-4.0dBZ10.0
o0 dB2, 337.5

¢

2
Zy dBZ.

771  5Zumaxdenotes column max reflectivity.

772
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773 Table A3. Annual mean precipitation amounts and intensities for different types of precipitation in different regions of the US for
774 20047 2017

Precipitation amount / mm Precipitation intensity / mmh
Total MCS IDC NC Total MCS IDC NC
NGP 515 254 116 145 3.3 4.3 3.3 2.4
SGP 613 308 149 156 4.1 5.2 4.4 2.9
SE 1,156 526 303 327 4.5 5.2 5.3 3.3
NE 889 324 228 337 3.2 3.7 3.6 2.6

775
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776 Table A4. Annual mearseasonal precipitation amounts and intensities for different typgeapitation in different regions of the
777 US for 20041 2017

Precipitation amount / mm Precipitation intensity / mmh

Total MCS IDC NC Total MCS IDC NC

spring 150 78 31 40 2.9 3.6 2.8 2.2

summer 214 117 47 50 4.2 5.0 4.5 3.0

NGP autumn 109 43 27 39 2.9 3.9 3.1 2.3
winter 42 15 11 15 1.9 2.4 1.9 1.7

spring 176 119 27 30 4.2 5.2 3.9 2.9

SGP summer 200 83 71 a7 4.7 5.5 5.3 3.2
autumn 150 62 36 52 4.1 5.3 4.6 3.0

winter 87 44 16 27 2.8 3.6 2.6 2.2

spring 275 157 52 66 4.6 5.3 4.8 3.3

SE summer 367 112 156 99 5.2 5.7 6.1 3.7
autumn 249 109 55 85 4.6 5.4 5.5 3.5

winter 265 147 40 78 3.8 4.7 3.7 2.8

spring 230 97 56 78 2.9 3.5 3.2 2.4

summer 276 80 85 111 4.2 4.9 5.0 3.3

NE autumn 218 75 49 94 3.2 3.8 3.6 2.6
winter 165 72 39 55 2.4 2.9 2.4 2.1

778
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779 Table A5. Annual and seasonal mean characteristics of MCS and IDC events in the data product domairi f2020b¢ using the new MCS

780  definitiont

MCS IDC

annual spring summer autumn winter | annual spring summer autumn winter
CCSbased lifetime / hour 17.1 17.6 16.0 18.2 20.0 2.0 2.1 2.0 2.0 2.6
CCS area/ ki 135,541 172,517 93,828 139,837 295,931| 6,657 9,379 4,314 6,352 21,484
CCS major axis length / km 579 667 475 615 935 99 117 85 99 173
PFRbased lifetime / hour 15.0 15.6 14.1 15.8 17.1 1.6 1.6 1.6 1.6 1.8
Major axis length of the largest PF / km 321 357 264 357 518 63 69 55 68 93
PF convective area / Km 6,119 6,468 6,091 5,897 5,697 477 496 463 487 520
PF stratiform area / kin 28,570 34,718 17,997 34,607 67,902 1,205 1,559 774 1,517 3,113
PFmean convective rain rate / mm h 4.5 4.0 4.8 4.6 3.9 4.1 3.4 4.5 4.3 3.0
PF mean stratiform rain rate /mm h 2.7 2.4 2.8 2.7 2.3 2.8 25 3.0 2.9 2.3
PF mean convective 20BZ echetop height / km 6.6 6.2 7.2 6.1 5.0 6.5 6.1 7.0 6.2 5.0
Area of thelargest CCF / krh 2,094 2,081 2,317 1,754 1,392 339 355 333 337 347
Major axis length of the largest CCF / km 95 96 99 88 82 29 30 28 29 30

781 ! Referto Section 4.4 for the new MCS definition.

782
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783 Table A6. Annual mearprecipitation amounts and intensities for different types of precipitation in different regions of the US for
784 200471 2017 by using the new MCS definition

Precipitation amount / mm Precipitation intensity / mmh
Total MCS IDC NC Total MCS IDC NC
NGP 515 280 89 145 3.3 4.2 3.2 2.4
SGP 613 344 113 156 4.1 5.1 4.4 2.9
SE 1,156 602 227 327 4.5 5.3 5.3 3.3
NE 889 371 181 337 3.2 3.7 3.5 2.6

785
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786 Table A7. Annual mearseasonal precipitation amounts and intensities for different types of
787  precipitation in different reg_;ions of the US for 2002017 by using_j the new MCS definition

Precipitation amount / mm Precipitation intensity / mmh

Total MCS IDC NC Total MCS IDC NC

spring 150 83 26 41 2.9 3.5 2.8 2.2
summer| 214 130 34 50 4.2 5.0 4.5 3.0

NGP autumn | 109 50 20 39 2.9 3.8 3.0 2.3
winter 42 17 9 16 1.9 2.4 1.9 1.7

spring 176 126 20 30 4.2 5.0 3.9 2.9
summer| 200 102 o1 47 4.7 5.5 5.2 3.2

SGP autumn 150 70 28 52 4.1 5.2 4.5 3.0
winter 87 a7 13 27 2.8 3.5 2.6 2.2

spring 275 170 39 66 4.6 5.2 4.8 3.3

SE summer| 367 153 115 99 5.2 5.8 6.1 3.7
autumn | 249 122 42 85 4.6 5.4 5.5 3.5
winter 265 156 31 78 3.8 4.6 3.7 2.8

spring 230 108 44 78 2.9 3.5 3.1 24
summer| 276 99 66 111 4.2 4.9 5.0 3.3

NE autumn | 218 85 39 94 3.2 3.8 3.5 2.6
winter 165 79 31 55 2.4 2.9 2.3 2.1

788
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Figure A1l. Schematic of CCS merging and splitting
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791 100°W  90°W  80°W 100°W  90°W  80°W
792  Figure A2. An example of CCS merging and splitting from 2@807T4:00:00Z

793 T9:00:00Z. Cloud 1 and Cloud 2 at 5:00:00Z merged into Cloud 1 at 6:00:00Z. And Cloud 1 at
794  7:00:00Z at least split to Cloud 1 and Cloud 3 at 8:00:00Z.

795

52



Main track T1 T2 T3 T4 15 \erging at T5 !

Splittingat T2! (T 12 ™ T4 15 Main track

796
797 Figure A3.Schematicofi mer ge o6 tracks and fAsplito tracks.
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Figure A4. Seasonal cumulative distribution functions oftfdsed lifetimes for (a) MCSs and
(b) IDCin the data product domafar 20047 2017. Red lines denote spring, blue lines denote
summer, green lines denote autumn, and black lines denote winter.
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Figure A5. Annual mean monthly diurnal cycles of initiated MCS (left panel) and IDC (right
panel) numbers the data product domafar 20047 2017. Here, we define that an MCS or

IDC event initiates when the first PF appears. Therefore, we can derive the initiated time of all
MCS and IDC events, which is the basis of this figure. For example, on average, anore th
MCSs initiated at 14:00 Local Time every June between 2004 and 2017.
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Figure A6. Distributions of the fractions of different types of precipitation in each season. Here, precipitation refers to annual
mean seasonal amounts for 2002017.We excludehourly data wittprecipitationO1 mm h' in the calculationThe first row
is for tatal precipitation, the second for MCS precipitation, the third for IDC precipitation, and the fourth for NC precipitation.
The first column shows spring precipitation, the second for summer, the third for autumn, and the fourth for winter.
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Figure A7. Distributions of annual mean seasonal precipitation inieséitr different types of precipitatiorof 20047 2017.
The first row is for total precipitation, the second for MCS precipitation, the third for IDsipfaegion, and the fourth fdiC
precipitation. The first column sh@spring precipitation, the second for summer, the third for autumn, and the fourth for
winter. We exclude hourly data with precipitatiod mm h*in the calculation.
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827 Figure A9. An example of Stage IV erroneous precipitation. Stage IV shows a large area of
828 intense precipitation suddenly appearing at 20802T12:00:00Z, which then unexpectedly
829 disappears at 13:00:00Z, comes back abruptly at 14:00:00Z, and finally goes awajaieigned
830 at17:00:00Z.
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Figure A10. Distribution of the fraction of valid Stage IV precipitation data for 20Q017.
Here, fivali ddo means that precipitation
precipitation discusskin Section 4.1s unreasonable and invalid.
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Figure A1l. Distributions of the fractions of available radar reflectivity data for 202@17 at

different vertical levels. As long as radars scan a grid cell, we tfinla s

though there is no echo.
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