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Abstract

Nowadays ¢imate modelsare widely used for weather forecastingWith the increased
computational capacityhe simulatdresolutionof climate modelfiasbeenenhanced frontens
of kilometersin Global Climate Models (GCMs) to less than 10 knRegional Climate Models
(RCMs). Theincreased resolution has the potahfiorimproved model skiltlue to capturing more
heterogeneity within the system. However, this potential increase in skill is not guaranteed and
thusthere is aneedfor further model evaluation studigsprovideabetter understanding of model
configuration and correspondingerformance, especially fogsolutions in thgrey zone (110 km
grid resolution) Among all variables iclimate model simulatigrprecipitation is one of the most
importantandalso the mostifficult variableto predictdue to the complexity of lardtmosphere
(L-A) interactiors. To better understand howell precipitationis simulated and theole of L-A
interactionin climate modelsimulations threeresearch studiesrecarried out using the NASA
Unified Weather Research and Forecast (MIRF) model.First, the impacof model resolution
(4 km, 12 km and 24 kmgnd theuse of cumulus parameterization are evaluatedrms ofthe
prediction ofprecipitation frequency, bias arle spatial patters Results shows theumulus
parameterizatiommas more impdadhanincreasing model resolutiaon precipitation forecasat
the4 km resolutionthemodel without cumulus parametrization bettaptures the spatial patterns
in theprecipitationforecast.These findings are then used to select the optmwadelconfiguration
whichis used inthe remaining two studie¥he fcondstudyidentifiesandevaluatsthe different
drivers of precipitationduring the2018 warm season droug(ilay-Sep)in the Central Pin.
Contributions of different precipitation drivers with and withoutthe impact of Mesoscale
Convective System(MCSs) and Low Level Jat(LLJs) areanalyzedn order to understand the

roles of local and netocal precipitatiorduring drought evolutionThelack of MCSsis found to



be the dominant driver during the drought, #melLLJ is found to have indirect weakimpact to
precipitationwith a lag time of up téwo days.The laststudy then quantifies and analyzes the role
of local soil moisture feedback during droughtoughan alditional model run wittswitched
initial soil moisture between a relatively wet and dry regamprovide insightandunderstanding
of L-A interactiors. Results show a 2% change in lifted cloud fraction causedsoy anoisture
change less than 0.05°m™ and LLJ can enhance-A interactiors to pranote precipitation
formation. Overall, this studyprovides a comprehensive evaluationttod skill in precipitation
forecasiof the NUWRF modeland provides insights intte implication of MCS LLJ, theL-A
interactionduringlocal and norocal influenced atmospherienvironment anadentified model
deficiencies Addressing these deficienciesuld improve futureprecipitationforecastsin the

Central Great Plains



Acknowledgments

| would firstly thankmy supervisor, Dr. Joshua Roundy, wdave me the chance to stuatykU
and provide continuoussupportduring my 6-year PhD journey.Under his guidancd, not only
learned academic knowledge but ajsinedbetterunderstandin@f how to doresearch, how to
deal with different problems and the importance of independent and criticalntpiis an
international student really appreciate higatient communication and tolerance which bdipe
get through thalifficult time of adaptingto a new environmenand culture In addition, lam
grateful for hisfinancial supportand providing mewith the opportunity tavork as a teaching
assistantand gain teachingexperience Throughoutmy time at KU, he helpedme realizethe
importantqualities of a successfteésearcher, a student and teach#rof these experiences have
helped ne achieve my career goalsenjoyed working with himand the opencommunication
atmosphereve had,andl hope we will have chanceo collaboraten the future

| would also like to thanktherpeople inmy committed Dr. Admin Husic, Dr.Bryan Young, Dr.
Nathaniel Brunselland Dr. Joseph Santanelldpr reviewing my work with patienceand for
providing constructive comment#\ special than& to Dr. Joseph Santanello wheelpedbuild
collaboration withHydrological Sciences Laboratory of NASA Goddard Space Flight Canter
providing support onthe NU-WRF model and their CONUSsimulation dataused inthis
dissertation

Last butmostimportantly, | would like to thank my fanyiland friendswho havegiven me strong
spiritual support Thanks to my parents who always respect my thoughts and try theiiobest
support me. Thanks for their wamg, guidance and suggestions when | got tastcerningmy

life and future Thanks to my frieds Dan Wang, Binggian JiandHaiyun Zhengand Atefeh



Hosseiniwho patientlylisten to my worries and cheer me aipd provide aeleasdrom pressure

andanxiety ancencourage me tovercome difficultiesvhen lamdepressed

Vi



Table of Contents

Y 0111 7= Tod PP i
ACKNOWIEAGMENTS. ..ottt e e e e e e e e e e eeeesa s s e e e e e e e e eeeeeeeeeeassnnneaeaaeeeeeeennssnnnnns v
LIST Of FIQUIES......eeiiiitiieee ettt e e e e e e e e et e e eeee e ix
[ 0 1= o] = U PP PPPPPPPPPRP X
Chapter 1 INTrOQUCTION........coi i eeee e e e e e e e e e e eeer s e e e e e e ees 1
1.1 Model Cafiguration Impacts on Precipitation Forecast.............ccccevvvvieeeiiiieeeeeeeeee, 3
1.2 The Role of Diférent Precipitation in the Drought.................oooiiiii 7
1.3 Links Between Soil Moistarand PrecCipitation.............ccccooveiiiiiceeeiiiciiiee e 10
Chapter 2 : Impact of Mod®&esolutions and Cumulus Parameterizatian......................... 13
P D | 2] =] £ PP 13
2. L. L NUWRF ...ttt ettt et e e e e emee e e e et e e e e e aeaeeeeeessssssmmneaeeaeeessseaannns 13
2.1.2 STAQE IV ettt e e e e e e e e raar et t e e e e e e e e e e as 14

2.2 MEBENOUS. ...t e e e e e e eeees e e s e e e e e e e e e e e eeeeeeannneeeeeeeeeeeeeeeerenrnnnns 15
2.2.1 SKill Scores inthe StUAy..........ccooiiiiiiiiiieee e 16
2.2.2 MODE APPHCALION......uuiiiiiiiiiiiiiiiiii ettt e e enne s 18

2.3 RESUILS ...ttt ettt e e e e e e e e e e e e e e e s s s s mnne e e e e e e e e e aarrareens 19
2.3.1 Gridto-Grid SKill SCOIES......uuuuuiiiiiiiiie et eeeeeeeeee e 19
2.3.2 Gridto-Grid Precipitation BIiasS.............ouuuuiuiiiiiceeeeeeeiicses e eennrnen s 22
2.3.3 Objectbased Spatial ANalYSIS........cooooiiiiiiiiieeee e 25
2.2.4 TiME Lag ANAIYSIS......oueiiiiiiiiie e s ceeeic st e ettt eeee e e e e e e e e e e e e e eaeeaneen s 31
2.2.5. Probability of Object DeteCtion............ccouiiiiiiiiiicce e 33

pZ B Yo U 1= (o PO 34
2.5 SUMIMIAIY ¢ttt ettt e ettt e e e e emn e e e e e 40
Chapter 3 : Different Precipitation in a drought evolutian...................ovveeeeiiiiiiiiieeeiiin, 41
TN R B = =] £ PP 41
. LLIARM MCECS DAA.cciiiiiiiiieeeeeiie e ceeee et e e e e e e e annsenee e 41
3.1.21IEM Radar ReflECHIVILY.........coiiiiiiee e e e e e e 43
3.1.3MERRA-2 LOW LEVEI JELS....cciiiiiiiiieeeeei e 43
3.1.ANU-WRF and LIS Lanednly MOdel............cooorriiiiiiee e 44

B2 METNOM. ... 45
G R O V=T V1 O 45
3.2.2 MCSIANTICAION .....ciiiieeeeei e eieeee e ee et e e e e e e e e e eeeneees 48

G 0 B =2 USSP 52
3.3.1 Contribution of Different Precipitation Types in Reference.............ccccoeevveennn. 52
3.3.2 Precipitation Interpreted in the Model............iiiiiiene 56
3.3.3 Time Lagmpact of LLJ on PrecipitatiQn..............coovivuiiiieeeiiee e 61

G I 1S o1 1 11 o] o 65

G T8 ST [ 1] 1 =T U 68
Chapter 4 : The Role of Soil Moisture in Precipitation Formation..................cccccceeeeeeee. 70
A1 MEENOM. ... .ot e e e e e e e e e e e e et en e e e e e e e e e e e e e e e eeeeeararnnes 70
A =S U | USRS 12
4.2.1 Soil Moisture Impacts on Local Precipitation Days...........cc.ccoevvviiccieeeeeeenns 72
4.2.2 Soil Moisture Impacts on Néocal Precipitation Days.............cccuvvveieiiiieenivnnnnee. 78
4.2.3 Diurnal Soil Moisture Path into Upper Troposphere.........ccooooovvviiiciineeeeeenns 85

G B D o 11 o o S 88



O o [ 1113 o ] PP 20
Chapter 5 : Conclusion and FULUIre WQArK..............oouuuiiiiimriiiiieeeeiiiiiss s e 92
(] (=] €= o =R PTP 96

viii



List of Figures

Figure 21: Study region and flow chart of MODE analysis...........ccccevvvvvivimmmeeeeeeeeeeeiiinnnns 16
Figure 22: Impact of map resolution on different model SKibISES...........ooovvviiiiiiiiiiiccnnnn. 22
Figure 23: Probability of precipitation bias for all models..........cccoooooiiiiiieeciiciiie 23
Figure 24: Spatial distribution of extreme bias days irocunodel for Pobs > 1 mm........ 24
Figure 25: Spatial distribution of extreme bias days IROELL.............eeviiiiiiiiiiiieeni 24
Figure 26: Spatial distribution of extreme bias days in RQI4............cccccooviiieeevvivvnninnnnn. 25
Figure 27: Time components of event comparison based on simple objects.................. 28
Figure 28: Histogram of event scale (area) for matched clusters.............ccccvvvieeeeeeeeeen. 29
Figure 29: (a) Centroid distance and (b) area ratio of matchesters in cton and ceoff......30
Figure 210: Time lag dependency ofean matching distance and area ratio in different

PreCipitation INTENSITIES. .......iiiiiiiiie e eeeeaeeee e e 32
Figure 211: Time lag dependency of mean matching distance and area ratio at 5 and 95
PEICENTIES. ... ettt errr ettt et e e e e e e e e e e e s s e e mmne e e e e e e e e e e b anneas 32
Figure 212: Schematic plot to calculate probability of detection...............cccoovvveeeeeeeee 34
Figure 213: Hovmadler diagram of precipitation mean bias in June 2004........................ 35
Figure 214: Hovmadler diagram of precipitation mean bias in Jamg for 20022004............ 37
Figure 31: Drought evolution of the Study area.................uuuiiiimmmiiiiii e 42
Figure 32: LIS soil moisture percentile compared to its clin@g................cooovvvvvvvvieenn.... 47
Figure 33: (a) Mean annual frequency and (b) duration of3d4@ ROI climatology............48
Figure 34: Diurnal MCS frequency arduration of 2018 Maysep in ROL...............ovvvevnnnnn. 52
Figure 35: Temporal distributio with classified precipitation types in 2018 M&gp............ 53
Figure 36: Frequency of different precipitation types in 3 drought stages............c.......... 54
Figure 37: Daily precipitation of different precipitation types in 3 drought stages............ 55
Figure 38: Daytime average surface flux and dailyn2rapor mixing ratio in wet and dry RED
Figure 39: Time lag analysis between LLJ and precipitation..............ooooeeiiccceeeeeneeeeennnd 63

Figure 310: Time series plot of precipitation, top@dRSM, T2 and Ts in wet and dry regi@#

Figure 311: Radiation and albedo comparison in wet and dry.ROL............ccccivimennnnnnnnd 66
Figure 312: Time lag analysis between MCS and precipitation..............cccooeveeeeevvvvnnnnnnnn. 67
Figure 313: Diurnal MCS frequency identified at different reflectivity heights................. 68
Figure 41: Match of soil conditions before and after switching the regional mean.......... 73
Figure 42: Daily precipitation before and switch initial sobisture in wet and dry RQL.....74
Figure 43: Diurnal cycle of LA relating variables on PLC days in-Off............................... 76
Figure 44: Averaged diural cloud fraction profile for different precipitation days fromafti77
Figure 45: Two examples of geopotential, wind and temperature field at 0600 UTC and

152401 1O I PRSI 78
Figure 46: Diurnal precipitation and LCL deficit for PMCS, PLLJ and PML days............ 80
Figure 47: Deep LA coupling 0n 2018 JUN 15........cccciiiiiiiiiiiiieeeiiiiiiieee e 81
Figure 48: Difference of diurnal RSM, LCL deficit and precipitation betweefuSWD and
o1 0 ) 1 82
Figure 49: Difference of cloud fraction diurnal profiles betweerofst SWD and ceoff........ 84

Figure 410: Schematic plot of diurnal soil moisture path lifting to the upper troposphere37



Table 21:
Table 22:
Table 23:
Table 24:
Table 25:
Table 31:
Table 32:
Table 33:
Table 34:

List of Tables

Modelconfigurations used in the Study..............oovviiiiiiccceeeee s 14
Contingency table andodel skill scores based on daily precipitation............... 20
Matchng probability of hourly precipitation objects...........cccccoeeiiiiieeee e 26
Object counts at different precipitation iNteNSILES............cccvvveeiiieeeriiiiiiiiieenee. 27
Precipitation ratios (model/observations) at different intensity percentiles......29
Model ConfIQUIALION...........ooiiiieeiiiiimmr e e e e e e e e e e eaes 44
Contribution of different precipitation types in 2018 drought.................cevvvveeeee 54
Difference of daily IMCS-LLJ status in ctOff.........cccooeiviiiiiiiiiiiieeeeee 58
Markov Chain of precipitation status without MCS and LLJ impacts.............. 61



Chapter 1: Introduction

Climate and weathatirectly influence human lifeandareimportantresearch topics especially
the 2F' centurydue to increasing populations and global warmiBgcause of the increased
greenhouse gas emisssoimduced byhuman actiy, global warming has become a serious
problem affectinghe globalWwater cycleBoth intensity and frequency of heagusecipitationhave
been foundo increase under climate change owsnyland areaglobaly (Seneviratne et al.
2021)and drought may become less predictable thewestern U.S due to increasing snowmelt
in the future(Livneh and Badger 2020The impact of climate change hiasreased the nedd
understand atmospheric dynamicgl ats interaction withthe land and ocean® have better
predictionswhich can be used bylecision makrs However, de to the chaotic nature of
atmosphereyeatherforecastcurrentlyonly provideskillful resultsabout a weelaheadand there
is still large roonto redu@ uncertainties in modé&recast(Li and Robertson 2015; Zhang et al.
2019) Compared to temperature, precipitation is less predictable in model simu(@immet al.
2017b) The current lower predictability of precipitation is one of the nalives of this study
with the aim toevaluate precipitatiosimulationin a coupledland-atmosphere (A) modeland
identify deficiencies

The model used in this study is the NASKified Weather Research and Forecasting{{(NBF,
PetersLidard et al. 2015)model whichis a revised framework based &WCAR Advanced
Research WRF (ARW) moddSkamarock et al. 2008)ith additional Goddard Chemistry
Aerosols Radiation Transport model (GOCARthe Goddard Satellite Data Simulator Unit (G
SDSU) and a few NASA derived radiation and microphysics schemeSVRBenables coupig
with the Land Information System (LI&umar et al., 2006which has different land surface

modelsenablingdifferent represerdtionsof the land surface withilVRF. The NUWRF model

1



is uniquein that it has thesadditionalfunctions.The NUWRF model was first released in 2011
but there arelimited studies usinghe NU-WRF model, which leavea needfor testing and
understanding the model performance and its limitationthis study, the Gadard microphysics
scheme and radiation scheme are pgedviding a unique opportunity for understanding the
embedded physical mechanics as well as the limitations and deficiencies of WRRUWhodel

in precipitation forecash addition to other aspec{sonfigurations) alreadpresenin the WRF
model

To have a comprehensive evaluatafrihe precipitationn the model, this study is separated into
threestudies The first studyexplores and analyzéise impact of model resolution and the use of
cumulus parameterizatioon precipitation predictionsand identifies the optimaimodel
corfigurationwhich will be usedin the remaining studies lfapter 2. Next, he precipitation is
then separated into 4 ggs considering the impact of Low Level Jet (LLJ) and Mesoscale
Convective System (MCSThese different precipitation types are representative of local ard non
local caused precipitation, amde analyzed within in the model to identifsnodeldeficiency n
representing thdifferent environmerst(chapter 3)This study is carried out ovedaought period

to analyze therole of different precipitationregimes andthe role of soil moisture andits
contribution toprecipitationduring drought developmentNormally theL-A interactiors are
difficult to analyzedue to the complexity of thetmospherienvironment, but the separation of
different precipitation types can help to tease outlooal impactsThis methodology ithe bass

of the laststudy which aims taunderstanding theole of L-A interactiors in precipitation
predictionsin the model(chapter 4).The remainingsectionsin this chapter provide further
backgroundinformation needed to provide context and frame this studyirwitie existing

literature.



1.1 Model Configuration Impacts onPrecipitation Forecast

With the increasing need to understand and simulate weather and climate at regional scales,
downscaling Global Climate Models (GCMs) has become an important topic. Both types of
downscaling methods: statistical downscaling and dynamic downscaling have otiei
advantages and drawbadkdaraun et al. 2010Based on the premise that there is an underlying
relationship with predictor and predictand, statistical downscaling provides a way to predict
unknown variables such as precipitation with relatively low computational demand. The downside
to statistical dwnscaling is that it relies on the assumption that the observed statistical
relationships will be the same in the future as it was in the past. On the contrary, dynamic
downscaling is based on physical mechanism which simulates the interactions beeneed th

and atmosphere and has the potential to change the relationship between the predictor and
predictand based on changes in the modeling processes. Yet, dynamical downscaling is more
computational and timetensive which precludes it from use in mdaogg-term climate studies.
However, the increase in high performance computation resources in recent years has enabled
high-resolution models (<4 km) to better resolve physical processes (e.g. topographic effects, local
circulation, cloud formation, etc.Despite this, there is still a great need to evaluate the utility and
uncertainty in dynamic downscaling.

Previous studie@De Sales and Xue 2011; Misra et al. 2013; Torma et al. 2bibbyed improved

skill from using dynangal downscaling with Regional Climate Models (RCMs) as compared to
GCMs or reanalysis data. There are also several programs such as Coordinated Regional Climate
Downscaling Experiment (CORDEXiorgi et al. 2009and North American Regional Climate
Change Assessment Program (NARCCARarns and Team, 20Pfhat aim to investigate local

scale physical processes and provide finer RCM simulations. Under these programs, the research



indicates better prediction in precipitation extremes for specific climate regions from the RCMs
thantheir coarser counterparts or their driving GCMs, especially in complex orographic regions
(Elguindi and Grundstein 2013; Prein et al. 2016; Park et al. 20h&)research also found better
prediction of extreme precipitation than mean precipitation, which indicates an addedmalue f
finer resolution RCM due to more accurate representation of topography and surface conditions.
However, these RCM simulations are still fairly coarse at a 50 km spatial resolution.

From a theoretical perspective, higher model skill is expected witeasing model resolution

due to a more complete representation of the land surface heterogeneity. Nevertheless, this may
not be true for all situations. For instanegin et al. (2016pund improved precipitation in higher
resolution RCMs than their coarser resolution counterparts, especially in mountainous regions,
whereas other research shows the improvements are lifiMess et al. 2002; Li et al. 2014; Lee

et al. 2017) Mass et al. (2002)ound the improved model skill with increasing resolution is
significant at coarser (above 10 km) modeling simulations but less visible in finew (b@lkm)
simulations. Similarly, results frofripathi and Dominguez (2013howed that finer resolution
models (10 km) improved prediction of individual storms in summer in the southwestern US but
showed little improvement for the winter months. It is clear that model improvement due to
increasing resolution varies by model,ddon and season.

Past greyzone (110 km gridresolution) studiegWootten et al. 2016; Prein et al. 201tgve

shown that both models with and without cumulus parameterization can produce comparative
precipitation. Cumulus parameterization is used topEnsate the sedyrid convective processes

not resolved at coarse gistale simulations. This compensation is expected to be turned off at
fine resolutions due t o-gritl precesses ahcdomesassaniptiohsioft y t

the cumulus schersédecoming invalid. However, models may not fully resolve the convection in



the greyzone. For instanc&u and Lee (2010hound an effectively resolved resolution of 3 km

in the PSU/NCAR (Pennsylvania State University / National Center for Atmospheric Research)
mesoscale model (known as MM5) for a convection band event angdacable convection
structure in models with and without a modified Kdntsch (KF) cumulus scheme at a 6 km
resolution. In addition, modified schemes introducing sdelgendency into the convection
dynamic processes (e.g. sghd mass updraft, dynamiadjustment time scale, entrainment
process etc.) and extending the use of cumulus schemes into various resolutions are ongoing
research topic&Zheng et al. 2016)These cumulus schemes are called saaigre schemes (e.g.
Grell-Freitas scheme, Multcale KainFritsch, newer Tiedtke etc.) and are found to largely
improve originalschemes (e.g. reduce excessive precipitation wet bias and present better diurnal
cycle) and provide comparative precipitation as models without a cumulus scheme at grey scales
(Zheng et al. 2016; Gao et al. 2017; Jeworrek et al. 2018)is study, he Grelt3 schemeés used

as the chosen deep cumulus scheriehis not a strict scalaware scheme, but it can be applied

on fine resolution models (<10 km) allowing sidence spreadin¢Skamarock et al. 2008)
Becausedhis scheme is still widely used, it is important to check and quantify the advantages of
using the cumulus schemethegrey zonaesolution

There are some recent projetdsusing on dynamic downscaling impact in these intermediate
resolutions, such as the initanter downscaling project conducted by NA&&rraro et al. 2017)

to test the NASA Unified Weather Research and ForecastWfRF) model(PetersLidard et al.

2015) employing three resolution runs at 4 km, 12 km and 24 km and a downscaling project
conducted by NCARLIiu et al. 2017)with WRF runs at 4km for two 1@ear simulations.
However, the NCAR project only focused otkdh simulations and the NASA project only dse

cumulus parameterization for all NWRF runs, including the 4km simulation. There are studies



from the NASA project demonstrating some forecast skill in precipitéltguechi et al. 2017; Tian

et al. 2017a; Loikith et al. 2018; Kim et al. 201B)t these evaluations are mainly relying on a
traditional gridto-grid comparisorframework.

Grid-to-grid comparison (e.g. Pearson correlatioM3E, contingency table, skill scores), which

is analogous to poirtb-point verification, is a traditional verification method widely used in
model evaluation due to its simplicity. It assumes that the model forecast perfectly match the
observations in thespatial and temporal extent. With a fine resolution model, a grid value can be
compared to its grid counterpart or to gauge data which locates inside the grid. However, due to
the spatial heterogeneity and the inaccuracy and uncertainty from modeitgmaile.g. initial
conditions, boundary forcing and parameterization of internal model), the forecast spatial
distribution could be very different from observation. The low spatial tolerance irioggidd

metrics may produce low skill and misleadinguits (Gilleland et al. 2009) Thus, a more
complete evaluation method that allows for small spatial and temporal displacements between the
model and the observations is necessary for a comprehensive evaluation, especially for fine
resolution models.

Gilleland et al. (20098ummarized four commonly used types of spatial verification methods in
model simulation: neighborhood, scale separation, feature (cbgstd and field deformation.
These four methods have their own advantages that stress difieienessts and should be
carefully chosen for different evaluation purposes. The neighborhood method (e.g. Fractions Skill
Score) is used to evaluate properties of a spatmothed field similar to gritb-grid metrics. It

allows for some spatial erroubfails to reveal the spatial structure in the field. The scale separation
method decomposes the field into musitale features and is useful for sedémpendent

evaluations. Field deformation methods work similar to feature (object) based methodaimhich



to match spatial features between observations and model fields. However, the field deformation

method cannot identify object features and only works on the entire field. Considering the goal of

evaluating the spatial pattern, a featbesed method.@.ObjectBased Diagnostic Evaluatipis

selected in this study farovide more spatial informatioonsidering thischapter Zorovides a

comprehensive evaluation of NWRF precipitation forecast skilstressing the following

guestions:

1) Doesafiner madel resolutionmprove the model skiih precipitation forecastind howmuch
doesit improve?

2) Doesamodel without cumulus parameterization at fiesolution(i.e. 4km) showbetterskill
predicting precipitationthana model with cumuluparametdaeation?

3) Is the model skill evaluated frontraditional gridto-grid methodsconsistent withthe skill
evaluated from theMethod for ObjectBased Diagnostic EvaluatioMODE) and what
additional spatial informatiois revealed by using MODE

1.2TheRole of Different Precipitation in the Drought

Drought has beestudiedfor a long time because of its potential damage to agriculture, ecology

and human society. Based on differanéas ofinterest, there are different drought definitions

based onmeteorology, hydrology agriculture groundwater and ecologyEach definition
highlightsdifferentcharacteristicef drought butare commonly characterized as abnormally high

temperature, dry soil, precipitation deficit, reduced surface/ground watévatclLoon 2015)

To present the condition of temporal water shortage, several indices are widely used to indicate

the drought severity, such #ise Standardized Precipitatiolndex (SPI,McKee et al. 1993)

Standardized Precipitatieivapotranspiration Index (SPBlicenteSerrano et al. 20)0Palmer

Drought Severity Index (PDSRalmer 1965and U.S. Drought Monitor (USDMsvoboda et al.



2002. These drought indices coame variables tightly linked wittihedry state (e.g. precipitation,

soil moisture, temperature, evaporation, runoff etc.) to their historical normal levels, and thus are
used for identifying, monitoring and managing drought imgpact

According to past stues, precipitation, temperature and evapotranspiration, which can impact the
onset, duration and severity of drought, are the most commonly analyzed variables to explain and
qguantify the driving force of historical drought®tkin et al. 2013; Mo and Lettenmaier 2015,
2016; Hobbins et al. 2016; Erfanian and Fu 202&hough the relative importance of the three
variables are space and event dependent due to spsaifieclimate conditions, precipitation is
found in many cases to lllee mostimportantdriver of drought, especially ithe U.S. Central

Great Plais (CGP; Livneh and Hoerling 2016; Koster et al. 2018nlike temperature,
evapotranspiration, radiation or other variables, precipitation can mitigate the severity of drought
in a short time by refilling the watstorage directly. The fast response in soil moisture (SM) and
other water body malyavedelayedmpactsinto system directly impacted by water storage, such
asecosysters. This makes precipitation critickdr understandingirought evolution.

Although preipitation is the mostmpactful factor controlling drought, there are few studies
analyang the roles of different precipitation types in drought evolution. Precipitation is usually
treated as a whole instead of separating into specific typ@ssideringprecipitation roughly
based on scaléslocal and nodocal precipitationwhat rolethe loal landatmosphere (1A)
interaction and notocal atmospheric dynamics play within a drought period has not been well
studied. This question is particularly important in CGP, whdrastbeeishown thata strongsoill
moisturé precipitation (SMP) couplirg relationshipexistsand thust is a hot spot for local {A

interactionstudies(Koster 2004) From this aspect, two important mesearge scale weather



systems- mesoscale conveet system and low level jet are necessary to consider in CGP, where
bothareprevalent and contribute largelytteeregional precipitatiofHu et al. 2021)

A Mesoscale Convective System (MCS) is normally defined as an aggregation of convective
stornms exceeding a certain scale (>100 km in midlatitude) and pefsisis least 3 hour@Parker

and Johnson 2000yVith this definition, MCS can bring loAgsting and intense precipitation. In
theGreat Plais, MCSsare oftennitialized atthefoot of Rocky Mountains and propagate eastward,
which are maximized atight and account for up to 7086 thewarm season precipitatigfritsch

et al. 1986; Carbone et al. 2002; Carbone and Tuttle 2808%s alsosometimes accompgn

large scale systems (e.g. cyclones, frontal systems, low level jet) or with othex seathers

(e.g. hails and tornados etc.), which together result in intense precipitation and even flooding
(Houze 2004; Peters and Schumacher 203 refore when defining precipitation types in the
CGP,MCSis an importanthonlocal weather systetmat needs to be considered
Anotherimportantexternal forcingpf precipitationin the CGP is the low level jet (LLJ), which is

a strong southerly low level wind prevailing at night and can bring moisturetfrei@ulf of
Mexico inland(Bonner 1968) This process can be facilitated when it is coupled thi¢hupper

level jet. With an uppelevel trough to the west of Great Plsand a ridge to the east, a circulation
associating with the uppéevel divergence (lowevel convergence) downstream the trough
induce more moisture transport via LLJs and incre@secipitation largely irthe Great Plais

(Wang and Chen 2009This troughridge synoptic structure is also a favorable environment for
MCS development where southwesterly warm flow is raised upward to destabilize the air in south
and central plaifPeters and Schumacher 2014; Yang et al. 200t®refore, MCS easilgccur

and coincide withcoupled LLJ, which in turn supports MCS development and sustains more



intense, longer duration and larger MCSs by feeding warm moi@ti@aize 2004; Coniglio et al.
2010; Feng et al. 2016)

While the importance of MCS and LLJ in Great Plain has been widely acceptedisthitie
research illustrating theroles during drought evolutiorBarandiaran et al. (2013pund a
concurrent northward shift of warm season precipitation and LthkiGreat Plais from 1979 to
2012 indicating a dominant role of LLJ in precipitation distributidowever, their esults also
show aweakerrelationship between LLJ strength and precipitatoning two dry years (2010
and 2012), pointing out some prerequisites are necessary focahtigoutionto precipitation in
theregion.Based on this, some of the key reseajobstions that will be addressed in chapter 3
include the following:

1) Which precipitation type NMICS relate precipitation, LLJ relate precipitation or local
precipitatior) contributes the mosturing a droughénd how is this different for different
droughtperiod®

2) How doesthe LLJinteract with MCS and local preciptiand howwell arethese events
simulated in the model?

1.3Links BetweenSoil Moisture and Precipitation

Land-atmosphere (1A) interactiors consists of series ophysical processdbat transfer water,
energy and ot her const ifiom theland surfaee.tagthe atmasphbre n , n
Due to limited observations, it is still challenging to fully understamdiquantifythis complicatd
processOne ofthe important topics in4A interactionis to quantify the processslinking soll
moistureandprecipitation whichis still not well understoadPrevious studies have explored the
triggering of convection within soil moistug@ecipitation (SMP) feedbaks with the afternoon

being the best timdor strong L-A coupling with increased boundary laygmowth which can
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intersect thdifted condensation level (LCLgndtrigger convectior{Betts and Ball 1998; Eltahir
1998; Findell and Eltahir 2003b; Song et al. 2016; Hsu et al. 2017; Santanello et al. 2018)
Afternoon rain ighereforea hot topic for many A interaction studieg¢Taylor et al. 2012; Welty

and Zeng 2018; Moon et al. 2019)

However, due to complematureof the atmosphere, the SWI feedbacks are halways easily
detected. Mesto-large scale systems such asnospheric rivex (Lavers and Villarini 2013)
frontal systers, MCSsand LLJs carither indirectly altetheatmospheric environment or directly
amplify precipitation and interfereith the local SMP processesSome research has shown that
large scale atomospheric systems are the dominate factor for triggering precipater than
the impact from the land surfahillips and Klein 2014; Zhou et al. 2016; Song et al. 2016; Wei
et al. 2016; Herrer&strada et al. 2019)his is espcially true fothe CGPstudy region where
MCSs and LLJs are found to producéarge portion oprecipitation during the night. Therefore,
separahg outtheimpacst of MCSs and LLJshouldenable detecting a stronger LA coupling

signal.

Most past LA studies choose to analyze the locah linteractionswithout seperating out ¢

impact of mesdo-large scale events duettee complicatd nature oflefining these large systesms.
However, the LA interactiondo notstopduring daysof large scale systemBurthermore, at

only do meseto-large scale systems produce heavy predcipitachanginghe soil moisture, the

soil moisture can also in tuaffect the large scale systef@ampbell et al. 2019; Ferguson et al.

2020; Hu et al. 2021 herefore, the analysis in this stuaiyns tosepaatedifferent precipitation

typesin order to analyze days withcal L-A process but also for days with the Aonal impacts.

Based on this, some of the key research questions that will be addressed in chapter 4 include the

following:
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1) Howdoes soil moisturaffectprecipitationformationand wherdothe strong EA interactiors

occurredduringa dayin the model simulation?

2) How doessoil moisture impadhe MCSs andLLJs andinfluence regional precipitation?
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Chapter 2: Impact of Model Resolutions and Cumulus Parameterization
Note: The content of thichapterwas published in Environmental Modeling and Software
(Zhang et al. 2021)

The accuracy of model simulatioisanainly based on model configurations and tiypothesized
physical mechanismehind them Understandingmpact of model confgurationsis important
before using model simulation as future expectation amdrpretingthe realworld physical
processesThus,this chapteprovides a basic understanding of two model configuratibesore
digging into precipitatioranalysisin the next two chapter$he NU-WRF modelskill predicting
precipitationat different running resolutions, with and without cumulus parameterization are
evaluatd using both a grid-to-grid method andan objectbased methqdwhich provides a
comprehensiveinderstanthg of the impact oimodel resolutiosaand cumulus parameterization
The results alsbelpunderstandinghe model deficiencies angrovidethe optimalcorfiguration
for modelsimulatiors used inchaptes 3 and 4
2.1 Datasets
2.1.1 NUWRF
There are two sets of NWRF simulations used in thehapter (1) NU-WRF runs at 4km, 12km
and 24km spatial resolutions with cumulus scheme turned on over CONUS from the NASA
downscaling project, and (2) NWRF runs at 4km in a smaller region in centr& With both
cumulus scheme turned on {on) and off (cuoff). Spectral nudging is applied to all model runs
for wind, geopotenti al hei ght and temperatur e
upper air variables for setfefined largescale inspectrum while keeping model ability to develop
smallscale featureéWaldron et al. 1996; Von Stch et al. 2000)Due to the different domain

sizes, models in (1) were nudged at 600 km and models in (2) were nudged at 800 km. However,
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this small difference in nudging should not impact the overall redideset al. R17). Except for

the cumulus scheme and nudging, other configurations are the same in all simulationz-{jable
The atmospheric initial and boundary conditions are forced by MERR#fanalysis data with-6

h intervals. Grell 3D (G3DGrell & Dédyi, 2002 ) and UW(Park and Bretherton 2008¢hemes

are used as deep and shallow cumulus scheme (hereafter refer to GW scheme) exeagpt in cu
simulation. MellorYamadaJanjic (MYJ;J a n j i 11994, P@Bs6heme is used for boundary
layer parameterization. The land surface is initialized with 10 years (1990~199%ipspariod

for (1) and an even longer time (from 1990 to May 31 at 2002~2004) for models in (2). In both
cases the LIS modeftinframework was used with the Noah 8hen and Dudhia 2001; Ek et al.
2003)as the land surface model. Three summers (JJA) from 2002 to 2004 are chosen for analysis.
To make the two sets of NWRF results omparable, only eastern Kansas and western Missouri
(hereafter referred to as RG24} for models in (1)Fig. 2-1) are used in analysis. More details of

the model configuration can be found in the NASA downscaling project ré&@oraro et al. 2017)

Table 2-1:
Model configurations used in the study
: . . Cumulus .
Model Resolution Domain Nudging PBL scheme Forcing
scheme
ROI4 4 km _
ROI2 | 12km | CONUS (C'I'p to ROIfOr 666 km | 63D and
ROI24 24 km analysis) uw | MellorYamada | y,-ppn
Janjic (MYJ)
cu-on i
4 km Larger than ROI (_cllp to 800 km
cu-off ROI for analysis) None
2.1.2 Stage IV

Stage IV hourly precipitatiorfLin 2011) is used in thischapteras referenceStage IV data
(hourly/6-hourly) is a mosaicked 4km precipitation estimate based on radar and gauge
measurements and is produced by the 12 National Weather Service (NWS) River Forecast Centers

(RFCs) over CONUS. Any timeitlh missing values that cover more than 15% of the study region
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are excludedfrom the validation. This cut off leads to 6575 valid hours (99.26% of total hours
during the three summers) used in the analysis.

2.2 Methods

The goal of thichapter is t@valuatethe impact of model resolution and cumulus parameterization
iNNU-WRF in eastern Kansas and wkGB®D® e rOW .0 s sW u rtio
plot in Fig.2-1) from June to August in 2062004. With five model runs (RO{24, cuon and

cu-off), precipitation from NUWRF was verified using the Stage IV data3ée 4km map of cu

on and cwoff were choseias the standard resolution map (23368 grids in ROI) to ensure a larger
number of sample grids in the ROI. All other datasets were resatoglgd map projection before
analysis.The nearesheighbor methodvas usedor downscaling andhe unweighted averaging
method was useir upscaling.

To evaluate model precipitation (Rhe model skill was first analyzedbased ora grid-to-grid
comparison$ precipitation frequency, bias and select skill scores (Sect. 2.2.1). To extract a clear
skill signal, hourly precipitation data are summed into daily precipitation. These commonly used
grid-to-grid metrics provide a basic undenstling of model skillA Method for ObjecBased
Diagnostic Evaluation (MODE) ishen used to verify the spatial patterns of precipitation
considering geometry and location of precipitation events. A brief description of MODE is given
in Sect. 2.2.2. Thepsitial verification was assessed only inauand ceoff with hourly data to

keep the accuracy of spatial distributions. Since the MODE analysis is sensitive to validating hours,

a-6 to 6h time lag analysisas carried out to check the timing of predittprecipitation.
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Figure 2-1:

Study region and flow chart of MODE analysis based on hourly @athlue box shows the running domain for cu

on and cuoff, and the red box shows the analysis region (ROI). Step 1 shows an example of the smoothing process
for Stage IV precipitation at 3 a.m. August 28, 2004. Step 2 shows basic simple objects with clifierebased on
precipitation intensities. Step 3 shows an example of matched clusters between (a) Stage IV andf@)Rs>5mm

h’. The matched clusters are outlined and drawn with the same color.

2.2.1 Skill Scores in the Study

There are three skill scores used in this study: Heidke Skill Score (HSS), Gilbert Skill Score (GSS)
and Modified Taylor Skill Score (MTSS). They are used to assess the model skill -@o-grid
comparisonover the Region of Interest (ROIBoth HSS and5SS (Wilks 2011) measure the
model 6s wducelaicdrrgct ptedictiqgn compared to a random reference forecast and are
easily calculated from a contingency table. Skill scores like the HSS and GSS provide a meaningful

benchmark as positive values indicate more skill than a random forecast. H&8Sfrangl to 1
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with a perfect forecast skill score of 1. The HSS measures model skill based on correctly predicting

both precipitation and no precipitation cases and can be calculated froBa1Bdpefow:

7 7
7

oYY (2-1)

where a is the number of times the model successfully predicts observational precipitation (hit); b

is the count when model predicts precipitation when it was not observed (false alarm); c is the
number of times the metl predicts no precipitation in precipitation days (miss); d is the number

of times that no precipitation is observed in both the model and the reality (also considered a hit);
and n is the total number of predictions evaluated.

In contrasts, the GSS evaldu es O0correctedd hits, which only
events). This is particularly useful for evaluating rare events like precipitation. The GSS ranges

from-1/3 to 1 and it can be calculated frequations(2-2 and 23) below;, where the variables are

the same as in equati@rl:

"OY"Y T > T (2-2)

&) N OO OR (2-3)
Different from HSS and GSS, the MTSS is a skill metric basedorrelation and variance of the
model compared to observation. MTSS is based on the Taylor skill(3&8e Taylor, 2001 out

assumeshat the maximum correlation attainable by the modglasd is defined by Eq24):

0 YV Y————— (2-4)

where'Yis the Pearson Correlation between model and oaservand) "Y"Yi®the normalized
standard deviation of model (standard deviation of model divided by the standard deviation of
observation) and is 1 when the model variance equals the observational vahad.SS score

ranges from O to 1 where ldicates a perfect match between the model and observations.
17



2.2.2 MODE Application

TheMethod for ObjecBased Diagnostic EvaluatigMODE) is based on research bgvis et al.

(20064, 2006pandBrown et & (2007)to verify field (e.g. precipitation) spatially in a way closer

to humanés visual judgement. The main idea of

both model and observational field$ie MODE is appliedon analyzing precipitatiofield using

Model Evaluation Tools (METBrown et al.,2021) v5.1, which isdeveloped by Developmental

Testbed Center (DTC) in the U.BIET includes several modules (such as regridding;tgrid

point and grieto-grid verification measures, MODE, fields decomposition etc.) to help process

and evaluate modpledictions (originally designed for the WRF model but can be applied to other

models) In thisstudy, the process of implementing MODE for evaluating model precipitation is
broken up into four key steps that are visually depicted in2Flg.

(1) Smoothing:Both forecast (con and ceoff) and observational precipitation (Stage 1V) were
firstly smoothed (K area weighted average) with a circular radius in MODE (a 4sgyicire
radiuswas choseas inDavis et al., 2006kp show the main signal of precipitation distribution.

(2) Object IdentificationConsidering three different precipitation threstso{1 mm i, 5 mm h
1and 10 mm 1), event fields were identified for both model and observational data. Each
identified separate precipitation area i s th

(3) Merging and MatchingAll simple objects were then used to calculatetal interest for all
pairs of objects between model and observation based on their attributes (i.e. centroid distance,
boundary distance, angle difference, area ratio and intersection ared tegitg.threshold of
0.7 wasusdl in the total interest tdefine matched objects as suggestdgirown et al. (2007)

As a result, an object could match more than one object in the other field, which are merged.

Meanwhile, to consider the possible objects caused by the same canggstem, any objest
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enclosed by the same precipitation contour (70% of thresholds in step 2, which is 0% mm h
3.5 mm ht and 7 mm H) were mergedhgain as a cluster to simplify the later analysis. To
clarify the term used in thshapterhereafte , any mat ched object (s) i
and the word O6objectd only refers to the si:i
details of matching algorithm can be found in MET user guide
(https://dtcenter.org/communigode/modekvallationtoolsmet).
(4) Spatial and Time Lag AnalysiMatching results from MODE (stepd) are then analyzed to
verify the model skill spatially by comparing the match, miss and false alarm, location and
spatial extent of matched precipitation clusters. Toactfor a potential time lag between the
model and observations which could impact the interpretation, this spatial analysis was
repeated 13 times with time lags that range f¥6ro 6 h.
2.3 Results
2.3.1 Gridto-Grid Skill Scores
All model andobservational data were accumulated into daily precipitation. Days with P > 1 mm
d? are considered as precipitation events and used to summarize the contingency table of hit, false
alarm, misses and no precipitation (P < 1 mthahd the three correspdnd skill scores (HSS,
GSS and MTSS) are calculated. TaBl@ presents a summary of these metrics. The general
precipitation hit rate is not high (<20%) and is nearly the same as the false alarm rate (~20%) for
all models. Most non precipitation days predicted correctly, which accounts for more than half
of the three summers and explains the higher HSS as compared to the GSS. Both HSS and GSS

are larger than 0.2 in all models showing that the model skill is better than a random forecast.
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Table 2-2:
Contingency table and model skill scores based on daily precipitation
Precipitation False No Frequency

Model® hitP alarm Misses precipitation HSS GSS | MTSS bias®
cu-on 18.0% 19.3% 5.6% 57.1% 0.426 | 0.271 | 0.240 1.582
cu-off 12.6% 7.9% 11.0% 68.5% 0.451 | 0.291 | 0.233 0.871
ROI4 18.0% 21.4% 5.6% 55.0% 0.392 | 0.244 | 0.243 1.672
ROI12 17.6% 21.5% 6.0% 54.9% 0.379 | 0.234 | 0.216 1.658
ROI24 17.1% 19.9% 6.5% 56.5% 0.389 | 0.241 | 0.218 1.568

aBold numbers are the best performance betweamcand ctoff and among RO24;
bPrecipitation in this table is considered as P>1 i d
¢ Frequency bias=(precipitation hit + false alarm) / (precipitation hit + misses)

Considering the impact of the cumulus schemepf€shows a better estimation of precipitation
frequency. Table2-2 shows that the all models with G3D scheme overestimate precipitation
frequency (see frequency bias) by 56786 whereas coff only underesimates precipitation
frequency by 12.9%. This shows the large overestimation of precipitation frequency in G3D
scheme model simulations and a slight underestimation of frequencyfh 8pecifically, cdon

shows a higher precipitation hit rate and falkem whereas the rate of misses and no precipitation
hit is higher in cwoff. This difference indicates the spatial error inaffishould account for its
lower precipitation hit rate with a more realistic precipitation frequency. Although the precipitat

hit is lower in cuoff, both its HSS and GSS are higher tharoouThe increase in the HSS and
GSS is mainly a result of the reduced false alarm rate which is only 7.9%fhbmu is over 19%

for all models with cumulus parameterization on. Thisdates that coff has better overall model

skill for correctly distinguishing the occurrence of precipitation and no precipitation days, despite
its lower precipitation hit rate. On the contrary, MTSS shows an opposite result with a higher skill
score incu-on. This is not too surprising considering the factors (Pearson correlation and NSTD)
determining the MTSS as it describes different aspect of model skill rather than the frequency

based skill scores like HSS and GSS. The median of Pearson corrglatiean is a bit higher
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(0.415) compared to 0.397 in-odf, but the median of NSTD is closer to 1 inaffi (1.022) than

in cu-on (1.099). The small difference in correlation, NSTD and the overall difference in MTSS
of 0.007 imply no clear superiority gither of the two models. The contrasting results of HSS,
GSS and MTSS indicate the necessity of masdpect assessment to get the whole picture of the
model performance.

Unlike the larger differences in precipitation frequency betweeoncand ceoff, the difference

among ROI424 is small (Tabl&-2). The largest difference among R&34 frequency is below

1.6%, and the differences of HSS and GSS are below 0.013 as compared to at least 5.4%
differences in frequency and at least 0.02 difference in HESS8S between eon and ceoff.

This indicates a smaller influence of model resolution than cumulus scheme. ROI4 does show the
highest value in all three skill scores indicating an improved prediction in-kme dpatial
resolution simulation, but this innpvement is not consistent with the increase in model resolution.
This inconsistent change in increasing model resolution could be caused by resampling uncertainty
since all models are compared at 4 km resolution. To validate the impact of map resalution,
three skill scores was calculated atki? and 24km map resolution as well. The results (F2g.

2) showed a similar comparison in that ROI4 outperformed R4 Furthermore, ROI12 has

lower skill scores than ROI24 in nearly all map resolutions.n&reiased difference in skill scores

is found between ROI4 and ROI12/R0OI24 with the increasing map resolution, which implies that
the increased skill of the 4 km model is partially caused by its better representation of land surface
heterogeneity and thugsults in better skill scores based on a-gwidrid comparison. This is
further supported by the difference between ROI12 and ROI24, which decreases with increasing

map resolution in HSS and ROI12 even overtakes ROI24 in MTSS when evaluating at a 24km
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resolution. Therefore, despite the inconsistent comparison between ROI12 and ROI24, ROI4 does

show some improvement over the coarser model simulations.
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Figure 2-2:

Impact of map resolution on different model skill scores: (a) HSS, (b) GSS, (¢) MTSS.

2.3.2 Gridto-Grid Precipitation Bias

To present the precipitation bias clearly, a probability of bias bins is calculateduire 2§
consdering three cases: precipitation days,¢PL mm db), no precipitation days 01 min d
and all days. The plot is created by first categorizing daily grid bias into different bins, and then
calculating the portion (probability) of each bin. All mé&lshow the largest probabilities for
bias=0 ¢0.01~0.01) in all days (Fi@-3c) due to the large portion of no precipitation hits (Bg.

3b). For precipitation days, on the contrary, all models have a bias all the time (probability of 99.9%
in Fig. 2-39). It is clear that the bias distribution is different depending on whether it rains or not.
There is a slight wet bias-@mm) in nearly all models for no precipitation days (2igb) but a

slight dry bias{4-0 mm) in precipitation days (Fig-3a). The overall performance is different for
each model (Fig2-3c). All models with GW scheme (ean and ROI424) show an overall wet

bias (17%22%), which is mainly due to the wet bias in no precipitatias{PL  mevents

that account for 76.47% of thiene. On the contrary, the positive and negative bias are more evenly

distributed in ceoff. The difference between @n and ceoff indicates that GW scheme produces
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slightly more precipitation for about 8% of time in our study region. Thereforeffdtas better
skill with less precipitation bias compared teau The relative suppression in-off is consistent
with its frequency analysis (Tabl2-2) which has less false alarms, more misses and no

precipitation days.
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Figure 2-3:
Probability of precipitation bias for all models with cases: (a) precipitation days (observational daily precipitation
Pobs> 1 mm d); (b) noprecipitation days (sO 1 Hiife) al days of three summers (JJA) in 20304,

There is no improvement in the bias for finer resolution models. Unlike the skill scores, the bias
increases from ROI24 to ROI4 based on the decreasing no bias ptpbahis unexpected result

may be caused by using GW scheme, whose assumptions may not be appropriate for finer
resolutions. Nevertheless, the total difference of bias probability (bias not equal to zero) between
ROI4-24 (less than 4% in Fi@-3c) is mwch smaller than the difference betweeroouand ceoff

(13%), which indicates there is less impact due to model resolution as compared to cumulus
parameterization.

The GW scheme explains the small wet bias in no precipitation days, but the cause dabitie mu
small dry bias in precipitation days is unknown. Moreover, all models show similar probabilities
of extreme bias (> 10 mm or-£40 mm), which are even larger than the probabilities of small bias
(-2-0 mm and € mm) in precipitation days (Fi@-3a). Only about 4% of positive or negative
extreme bias in precipitation days are explained by the use of GW scheme.Z-gsh®ws a

spatial distribution of days with extreme bias when precipitation occegsIAnm d) in cu-on.
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The extreme bias midely distributed and does not spatially compensate between wet days and
dry days. All modelsKig. 2-5 and Fig. 26) produced a similar distribution of the extremely dry
bias with cores (count > 20 days) in North Kansas, Midwest Missouri and Northéklkznoma.
Consistent withthe previous analysis, eaff shows a suppression of precipitation spatially
compared to con, with more days of extreme dry bias than days of extreme wet bias.

(a) bias = 10 mm (b) bias < -10 mm
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Spatial distribution of extreme bias days inaumodel for B> 1 mm d'. Map color shows the day count that a
grid falls into the bias bin during the three summer20022004 (263 valid days). The region with small counts and
obvious bounds in the bottom left is caused by the missing value in Stage 1V, which reduces the counting days.
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Figure 2-5:

Spatial distribution of extreme bias days inaffimodel for Bys> 1 mm d'.
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(b) bias < -10 mm
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Figure 2-6:
Spatial distribution of extreme bias days in ROI4 model fgs>P1 mm d'. The spatial distribution in ROI124 are
quite similar and omitted to show here.

2.3.3 Objectbased Spatial Analysis

The previas gridto-grid analysis shows very limited difference of model skill among Rzal4

which may be caused by the same configuration except for their resolutions. Therefore, the spatial
and time lag analyséSect.2.2.4) are only conducted on the-om andcu-off model simulations.

To assess the spatial matching performance, hourly simple objects identified from MODE are
analyzed to get the probability of match, miss and false alarm in Z&bl€his table is, however,
different from a normal contingencybia which gives a total probability of 1. Based on objects,

the counts of three measurements are defined as: (1) Match: the minimum number of objects
between matched clusters; (2) Miss: the number of unmatched objects in observation; (3) False
alarm: numbeof additional objects in the model compared to matched objects. The probability of
the three measurements in TaB8 are then calculated differently. Match and miss probability

are the portion of matched or missed objects in observation (match orcousss/total

observational objects), which give the sum of two probabilities equal to 1. As a contrast, the

25



probability of false alarm is referenced to model objects (false alarm counts/total model objects).
The reason for choosing simple objects instdadaiched clusters to count the probability is due

to the matching process in MODE. The MODE treats all unmatched objects as a whole cluster
even though they may belong to different events. The incapability of recognizing multiple
unmatched events (clus$@rby the algorithmmakes standard use of the cluster method

inappropriateo assess the probability of matching.

Table 2-3:

Matchingprobability of hourly precipitation objects

P=>1mm h*2(60% of timé) P=>5 mm ht2(39.1% of timé) | Ps>10 mm ht2(24.2% of timé)
Model Matckf Miss® AIT::‘;?: Matchf Miss® Aﬁ::rs‘neC MatcH Miss® Aﬁ::rsri
cuon | 385% | 61.5% | 76.2% | 16.7% | 83.3% | 82.3% 7.9% 92.1% 89.8%
cu-off 28.0% | 72.0% | 71.7% | 16.7% | 83.3% | 82.2% 10.4% 89.6% 88.9%
aPsis the smoothed precipitation used to identify simple objects;
b Time with observational events occurred compared to total sample hours = 6575 h (273.96 dayRB0aC
summers (excluding dates with large missing area in Stage 1V);

¢ All match, miss and false alarm are based on comparison of simple objects (instead of matched clust
table only account for times when at least one object is found in model or observational field.

From Table2-3, both cuon and cwoff have a hgh miss rate (>60%) and a large false alarm rate
(>70%) especially for intense precipitation events, indicating spatial or/and temporal mismatch of
precipitation events. To better understand the cause of the low matching rate, the total number of
objects ad a ratio of event hours (hours with objects in the model/hours with objects in the
observations; Tabl2-4) are used to show the event frequency in the model. Excepoimwhen

Ps>1 mm ht, both models in all precipitation intensities produced ovetpllvalent or less objects

than observation, which seems to contradict the high false alarm rate. However, nearly all ratios
of event hours are less than 1, which indicates widespread precipitation (more objects, also
confirmed by the area ratio much larghan 1 in Fig2-9) with lesstemporal frequencyfewer

hours with precipitation) produced by the model. A more detailed event comparison can be seen
from Fig. 2-7. Both models overestimate events (@H8pbjo) and this overestimation decreases

with increasing intensity from 30%0% to 10%20%. This decreasing trend is opposite to the
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increasing false alarm rate with more intense events (Ra®j@nd again strengthens the idea that
both models produce moregaipitation events in a short time period, especially for high intensity
events. In contrast, both models tend to produce fewer events (>55%) in rainy hogr9),Obj
which explains the high miss rate in TaBi. Thus, the high miss rate and false alsate are
caused in different ways despite the large portion gineaipitation hit hours (OkbEObj is more

than 59% of time in Fig2-7b).

Table 2-4:
Object counts at different precipitation intensities

Total objects (events) Ratio of event hourd

cu-on cu-off Stage IV cu-on cu-off

Ps>1 mm ht 20993 12858 12997 1.147 0.905
Ps>5 mm ht 6287 6259 6670 0.838 0.862
Ps>10 mm ht 2474 3017 3219 0.726 0.863

aRatio of event hours = hours with objects in model/hours with objects in observation

When comparing the two models, there is a large difference in matching probability Z33ble
and time components (Fig-7) of light precipitation events. FoPL mm h! observational events
(Fig. 2-7a), cuon overestimated precipitation objects for most of the time (53%) where#H cu
only overestimated for 30% of the time. Similarly, for no observational event2(Fix), cuon
overestimated 41% of the time which is 17% more time thaoffchis large difference is only
found in light rain events (1 mmi*kP<5 mm h') whereas both models have nearly the same
matching probability and time components fgg®mm h' and R>10 mm ht. Although cuon
overestimated light rain events ~20% more often thaofic{Fig. 2-7), it produced a 10.5% higher
matching probability (Tabl2-3). This seemingly contradiction could be explained by the different
reference that matching probabilityagesmpared to observational objects while the false alarm rate
is reference to model objects. The largely overproduced objects (almost the same number of

observational objects in Tabl24) for light precipitation in cton not only increased the
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denominato(total model objects) of false alarm rate but also increased the matching observational

objects as well.

(a) Objo >0 (b) Obj, =0
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Figure 2-7:

Time components of evaradmparison based on simple objects. Red, white and blue bars show the percentage of time
that model objects (Ok) are more, equal or less than observational objects {Gigparately when observational
precipitation events based on different intensit@soccurred (Ohj>0) and (b) not occurred.

In addition to evaluate matching rate based on simple objects, it is also informative to further assess
the matching quality based on clusters. Before digging into the quality evaluation, Eigure
provides a hétogram of event scale (area) for all matched clusters for three different intensity
thresholds. Clearly, both the number of events and precipitation area decrease with intensity. The
logarithmic area distribution shows the general precipitation scaldesrtten 10000 kif(~50
percentile for B1 mm ht) for cu-on and 5700 kffor cu-off. Although cuoff produced smaller

scale precipitation compared to-on (Fig.2-8a), the scale of intense precipitation is larger (Fig.

2-8c, P>10 mm hh). Similarly, cuoff has less matched precipitation clusters at low intensities but
more for intense events. This indicates a preference of light yet-sggler precipitation in ean,

whereas cwff produced relatively more intense but smaieale precipitation. Byhecking the

intensity ratios of matched clusters (TaBl®), it is foundthat the cwon tends to overestimate
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light rain intensity while underestimating heavy rain intensity. Theftgenerally produces rain
intensity closer to observation but it ovenemtes heavy rain intensity.
(a)Ps >1mmh!

(b) Ps>5mmh! (c)Ps > 10mmh~1
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Figure 2-8:

Area [103 km?]

Area [103 km?]

Histogram of event scale (area) for matched clusters. All matched events are divided into 50 bioal Elvents
are written in corresponding colors (black for-om and red for ctoff).

-Ig?:é?pizt;ion ratios (model/obseations) at different intensity percentiles¥Pmm h?).
Intensity Ratio
Percentile cuon cu-off
10 1.561 0.923
25 1.247 1.003
50 0.937 1.089
75 0.795 1.163
90 0.784 1.227

In order to assess the matching quality of the spatial patterspatial error (distance between
mass centers) and area ratio (area of model cluskgr/(Area of observational cluster )i of
matched clusternsere usedo imply spatial accuracy. Ihsuld be noted that the area ratio here is
different from the definition in MET. The area ratio in MET is defined as the letject area

over the larger object area, which is less informative for comparative analysis as the reference
changes based on wh object is larger.

To present the main performance of the two models, 10% of the data are removed from one side

(centroid distance) or both sides (area ratio) to exclude extreme valuez 9QFigoth cuon and
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cu-off have a large range of spatial error with the mean aroustD38n. The ctoff seems to

show a better forecast in location with a shorter mean distance, but the mean difference between
two models is small @ km smaller in ctoff). Results in areaatio (Fig.2-9b) shows that both
models overestimate precipitation scale (all mean area ratio are at least 2 times greater). Unlike
the spatial error, not all mean area ratios are closer to 1-aff @specially for B>10 mm h.
Although cuoff does notpredict better precipitation scale tharauin all intensities, it shows a
smaller variation in both spatial measurements indicating a more stable performance of model skill
in the case of different intensities. The inconsistent change with intensiiyoifi contrasts that

from cuon, which is found to reduce the matching distance and area ratio for higher intensity
events. This difference may relate to the use of the cumulus scheme. However, with only one
specific cumulus scheme (GW) used in this stuldg relationship between spatial prediction and
precipitation intensity while using the cumulus scheme is not certain. Further research using other

cumulus schemes to test the trend is left for future work.

(a) Centroid distance between matched clusters (b) Area Ratio of matched clusters
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Figure 2-9:

(a) Centroid distance and (b) area ratio of matched clusters-orcand cuoff. Symbols show the mean value of each
attribute. The upper and lower limits ia)(are 90 percentiles and minimum values and in (b) are 95 percentiles and

5 percentiles respectively. Different colors represent for different precipitation intensities. The dashed red line in (b)
shows the perfect prediction with area ratio of 1.
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2.2.4Time Lag Analysis

The results above are sensitive to time lag which could mislead the interpretation of model skill,
especially with at least 10% of the time when botlorland ceoff have missed or overproduced
the precipitation events (ratio of eventun® in Table2-4). To assess the temporal differertbe,

time lag influencevas analyzeddy repeating the spatial matching process 13 times with wto 6
lags of both prior (negative) and subsequent (positive) forecasts. A comparison oesuateid
area ratio of matched clusters is present imif€g-10.

For low intensity events ¢°1 mm h'), both models show clear decreasing trends in matching
distance as the time lag moves towards 0 (&itPa). Similarly, the area ratio is generdibyver
around lag 0 and increases with larger time lags wigeh iBm h. Although the smallest value

of cu-on occurs at time lag el h, the little difference in matching distance between-thg=and
lag=0 h could be caused by its larger number of simbpjects in matched clusters. With largely
overproduced precipitation events ofP mm h! (Table 2-4), the number of simple objects
formed a cluster in con is more than its counterparts inaff. The more simple objects in the
cluster, the more uncerh the spatial error of the cluster is shifted. Meanwhile, more simple
objects in a cluster also leads to a larger cluster area, which results in a larger area ratio. This
explains the better performance otaifi which shows a 5.4 km shorter mean matgtdstance

and 3.1 smaller area ratio thanau (Fig.2-10a). Nevertheless, all clear trends and comparison
along the time lag axis disappear in moderate to intense precipitation event2-1Bigc)
indicating poor skill in both models to predict spkdiad temporal patterns for these events. These
clear trends are also found iff &nd 9%' percentile dataRjg. 2-11). Although the matching

distance and area ratio have a large variation (can be seen fro29Fithe overall trend shows
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the peak antlough (shortest distance and area ratio closest to 1) aroundLizgWise, the time

dependency of théBand 9% percentile decreases as precipitation intensity increases.
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Figure 2-10:

Time lag dependency of (1) leftayis: mean matching distance, and (2) rightyis: area ratio in different
precipitationintensities. Plots are based on matched clusters. Area ratio is the ratio of area of matched clusters in
model and observation. Green line on the bottom shows the perfect area ratio of 1.
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Figure 2-11:

Time lag dependency of mean matching distance and area ratio at 5 and 95 percentiles

32



2.2.5. Robability of Object Detection

Because using objebiased method, theretlge possibilitythat the paired precipitation object falls

out of the region and thus considered as unmatched. This unceirtadbigct detection relies on

the domain size, the location of the object and thecbeng distance for possible matching objects.

To evaluate this uncertainty, a probability of detection was calcul&igdre 2-12 shows a
schematic plot illustrating the detection of an object which could match with a known object and
falls inside the ®I. Assuming the searching distance is R (R<1/2domain size) and the searching
region is a square box with the length of 2R+1, the probability that an object matches with a known

object and falls into the ROI can be calculated as below.

a [ EIY pi EEwp "6GQ (2-5)
¢ T EIY pH EEw p T@Q (2-6)
0 (2-7)

Whered is the probability andand j are the row and column number of the centroid for a known
object inside the domain. Considering that the known object can be anywhere inside the domain,

the overall probability that the matching objectssfaito the ROI can be calculated as below

. B B B B —m
0 (2-8)

Where nx and ny show the size (humber of columns and rows) of the ROI. The larger the domain
and the shorter the searching tedR, the highatheprobability it can be detected for the potential
matching objects.

Figure2-9 shows that 90 percent of the matched clusters are within a distance of 150 km. Thus,
the 150 km (37.5 grids) is used as a searching distance R which result in a detection probability of

76.67%.This means there is at least a 76.67% of probability to d@®86 of the matched objects.
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Based on this, results presented in this chapter should be overall reliable measures of the model

skill.
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Figure 2-12

Schenatic plot to calculate probability of detection. The Blue region represents the given ROI. The green region
represents the searching region of an object which could match with a known object (black dot shows the centroid of
a known object). R is the sehimg distance. The overlapped region shows the probability that the potential matched
object could fall into the ROI. The plot shows an example of a known object with centroid of i=0 and j=0, which gives
the detection probability of 29/25 for its potenthl matching object.

2.4 Discussion

The improvement in model skill caused by finer resolutidousid to bevery limited inthestudy.
Although improvement is not found from 24 km to 12 km, ROI4 shows slightly better prediction
in frequency (Tabl&-2) in all three skill scores. The worse bias probability (B§) in ROI4

could be explained by GW scheme, which was designecketatgpat coarse resolutions. Similarly,

an hourly precipitation analysis Hyee et al.(2017shows both larger diurnal bias and better
overlap of joint probabilitydistribution function (JPDF, between duration and peak intensity) in
4-km NU-WRF model compared to the coarser models in Central Plains. The contrasting results

of boththisdai |l y analysis and Leeds hourly amal ysi s
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resolution of NUWRF models in this region. One of the possible reasons is that the spatial
heterogeneity in Central Plain is less than other regions such as Rockies where there is a larger
elevation expanse. As mentionedMiass et al. (2002)here is a point of diminishing returns in
forecast models and it varies from finer resolution-150km) in Western U.S. to a coarser
resolution (2640 km) in the easta part where mesoscale features are already well resolved in
coarser resolution because of the flatter terrain. Thus, the small added value from surface
heterogeneity in our research area competes with error caused by the GW scheme being applied at
finer resolutions. In addition, as spectral nudging is used in this study, deficiencies in MERRA
could be introduced to impact the physical solution of the model and hence reduced the

improvement by the finer resolution models.
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Figure 2-13

Hovmadler diagram of precipitation mean bias in June 2004. Negative values of longitudes are degrees in West.

Reference is Stage IV daily precipitation. The blémkite) bars show the dates with missing data in Stage IV data
and are exclude from analysis.

This study also shows some interesting findings. There is a slightly dry bias and about 35%
extreme bias (P>10 mm'dind P<10 mm ) in precipitation days inlafive models (Fig.2-3).

These mutual biases in all five models indicate dominate factors other than cumulus
parameterization and model resolution. One possible cause could be from the NHRRBAdary
condition. To analyze thithemodel precipitatiorfnot gauge corrected) from MERR2was used

as a reference instead of gauge corrected precipitation to compare the spatial similarity between
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the NUWRF and MERRAZ. If there is a similar pattern between MERRAandtheresultin this

study, it meanghatthe boundary condition might be a reason for the Biggire2-13 shows the
Hovmadler diagram of precipitation mean bias for MERRAand the con and ceoff model runs

in June 2004. The full threummer performance ghownto have similar results Fig. 2-14.

There is not a strong trend for dry or wet bias in MERRA he same is true for the eastward
propagation. Besides the larger and wider wet bias-oncuhe spatial patterns of bias inauo

and cuoff are quite similar as in MERRR from a coseser temporal scale, especially for the
extreme bias. This similarity supports the idea that MERR#oundary conditions and nudging

may be the cause for the overall bias in all model runs.

However, to fully understand the cause of this bemgiires more analysis including considering
other boundary forcings. Besides the boundary condition, other madehgpterizations such as
radiation, PBL and the land surfaak play important roles in predicting precipitation and may
also contribute tehe bias(Pei et al. 2014; Li et al. 2014; Hirsch et al. 2018%hould be noted

that the impact from these parameterizations vaay with domain, madel, and the research period

In addition, the lack of convection propagatidnu(et al., 2017)and the time inconsistency
between model and observation can also result in bias. Analysis in chapter 3 shows largely
underestimate nighhorning mesoscale convective systems @48 and a potential dry
persistence caused by overestimate net shortwave radiation and inaccurate flux partition which
might explain the extreme and slightly dry bias in the model. Although not all possible factors
mentioned above were checked in this @itadion, results from chapter 3 shows a potential cause
and the rest of the untested factors can be explored in future studies to better understand

shortcomings in precipitation prediction.
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Figure 2-14:

Hovmadler diagram of precipitation mean bias in J#ug for 20022004.

This study not only analyzed the spatial pattern but also revealed an imperfect pattern of forming
precipitation in ceon and ceoff models. The low matching rate and the poor matching quality in
both models show the large mismatch of precipitation evengsrirstof spatial pattern. Although
there is no consistent time lag in-en and ctoff, the large spatial discrepancy could be partly
caused by the model patterns. The largely overestimated objects (Zdbleand 55%
overestimation time (Fi-7) in cu-onfor light rain events (P>1 mm contrasts with its intense

precipitation cases and indicate an easy triggering for shallow convectioromwith a larger
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rain area (Fig2-9). This is consistent with researchYaf and Lee (2010)ho found the excessive
cumulus rain region reduced after modified trigger function in K&imsch (KF) scheme.
However, for more intense precipitation andafti simulations, fewer hours with events are
produced indicating a possible obstacle to initializing precipitation, although the generated
precipitation area is still larger than obseimat(Fig.2-9). This may relate to the deep convection

in the model, which contributes more intense precipitation. Interestingly, this pattern is clearer in
cu-on with even less precipitation events for P>10 mthan cuoff. Because the cumulus
precipitation can be an adding component representinggadiprocesses, the less intense events

in cu-on indicates insufficient ability to develop deep convection using G3D scheme. Only ~15%
of time both models correctly predict event counts (Zi@a). This tme portion is stable despite

the model and precipitation intensities, which points the problem towards the other aspects of the
NU-WRF model rather than the use of cumulus parameterization.

There are some uncertainties in this study, such as the ungedhmesampling, the choice of
observational dataset and the probability of object detection near the edges. Hosgelsrjn

Figure 2-2 show small resampling impact. The change of map resolution does not change the
relative position among models in nearly all three skill scores. The variation in three resolution
standards is within 14%, with an average of 6%, 7% and 10% for HSS, GSBIT&@
respectively. All 4 km models (ROI4, @n and cwoff) show higher skill scores than ROI22

in all three resolutions. ROI12 has lower skill scores than ROI24 in most map resolutions, but the
difference between them is less than 0.01. Thereforedehision of using 4 km map as the
standard projection in this study should not make a big impatie@malysis.

As for the uncertainty from observational dataset, a similar analgsigionéan the preliminary

test (not shown) using Livneh daily precgiibn with a smaller ROI in five Julys from 2000 to
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2004. Again, the impact of model resolution is separate from the use of cumulus parameterization.
Results from the test are similar to this study. The overall wet bias in all times, the slightly dry bias
and more than 28% probability of extreme bias in precipitation days all reproduced. The
improvement in finer resolution model is small (MTSS of ROI4, ROI12 and ROI24 are 0.166,
0.151 and 0.151 respectively at 0.06#gree map). The test used a sifrgdi version of MODE
analysis, which only considered centroid distance. The results also showed a general shorter
matching distance in eaff compared to clon while both models overpredicted the precipitation
spatial extent. Therefore, the choice of olzaBonal datas unlikely tochangethe conclusion.

It is known that precipitation forecast is sensitive to the different cumulus schemes applied because
of their different closure assumptions and scale considergiensg and Seaman 199The UW

scheme (a convective inhilmt based scheme) is found to produce deeper daily PBL growth,
triggers shallower development of clouds compared to ZMgfearlane scheme (a convective
available potential energy based scherid)liams, 2019)and reduce the precipitation compared

to native shallow scheme in G3Quchi et al. 2017)Research diguchi et al. (2017also shows

more negative daily precipitation bias in GW model compared to models using the new simplified
Arakawa Schubert scheme (NSA8an and Pan, 20}1new Kain Fritsch scheme (NKRain,

2009 and BettsMilleri Janjic’scheme (BMJ) in summer Central Plaifhis indicates that
excessive precipitation is a common problem with these cumulus schemes applied in the Central
Plains and thus may aggravate the wet bias in this region. However, there are also other scale
aware cumulus schemes under development tbaide promising result&won and Hong (2017)
introduced thee aspects of scadevare dependency into simplified Araka&hubert scheme
(GSAS) and found it outperforms precipitation prediction ircamulus simulation at both 3 km

and 1 km scale in South Korea. The main contribution of the improvement in thusircstiones
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from including scalelependency into cloudase mass flux. Therefore, it is still probable to see
improvements using scasvare cumulus schemes in the future.

2.5 Summary

This chapter evaluatehe precipitation forecast skilh NU-WRF considenng two configuration
impacts in terms of model resolution ath@ use otumulus parameterizatioiihe two impacts
areevaluatedseparatly, andlittle improvement is founevith increasing model resolutiott may

be due to the domain region (small elematvariation) and model configuration (the use of GW
scheme and nudging) which could restrict or reduce the differemeeuse of GW cumulus
scheme produced a slightly wetter environment ianfbund tobe more influenial on model
prediction tharusing dfferent model resolutioa The cuoff modelproduced better precipitation
pattern than con although ishows a large inaccuracy especially in a-goidrid evaluationThe
advantage of the roumulus scheme model should become more obvious and more accurately
represent the land surface spatial heterogeneity with temeporal and spatiaiesolutiong(such

as 1 km. Summarizing all information abovey-off at 4kmis corsidered to provide the best
precipitation prediction. It is thecthosen atheoptimal configuration for later analysis in chapter

3 and 4.This chapter also shows some interesting model patterns such as the widespread but less
frequent and more intenseprecipitation, which indicating a possible obstacle to trigger
precipitation and a preference for deep convecilibiepossiblecauss of these patternserenot

all tested but results in chapter 3 may help to partly explain it.
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Chapter 3: Different Precipitation i n a drought evolution

In the Central Great Plain, MCSs and LLJave large impacts on precipitation and especially

prevalent during the nigtitne. Consideringheirimportance and the large contributimregional
precipitationit is important tadentify differentdrivers ofprecipitationin orderto distinguishand

analyzethe local and notocal processesnd their representation withinodel simulationsMICS

and LLJ are then representative as-fmral impacs and areanalyzel with local precipitatiorto

guantify their relative contributiorduring the2018 droughtThe analysis focuses on the role and

drivers of precipitation during thdroughtevolutionas well as the role @il moisture condians

and their representation in coupled laatchospheremodels |'t shoul d be noted t
here representthe absence of MCS and LLJ andhy include other largecale impacts (e.g.

ENSO). These largscale impacts are not easily disentandteth quantifying the precipitation,

and their impacts are assumed evenly distributéldeichosels mal | st udy -43 ed ( RO
and-1910 W 38-I8). TRaagalysis in this chaptés basedn a model simulation (NASA

Unified Weather Research @rForecastPetersLidard et al. 2015pand a composite reference

dataset including radar, reanalysis and an uncoupled-@ialyd Land Information System model

(LIS, Kumar et al., 2006

3.1 Datasets

3.1.1ARM MCS Data

The Atmospheric Radiation Measurement (ARM) MCS database has a high spatial resolution of
4 km and covers most of CONUS east of Rocky Mountains. MCSs in this dataset are identified
based on NASA Global MergedIR infrared brightness temperature and GridisaCrBD Next
Generation Radar (NEXRAD) data and tracked using FLEXTRKR algoi{feng et al. 2018)

The details of the data processing method can be fouRedng et al. (2019)ive warmseason
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(20122016 MayOct) ARM MCS data are used in this study to train and test MCS identification

method in Section 3.2.2.
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Figure 3-1:

Drought evolution of the study are@) U.S. drought monitor with representative dates in three drought stages. The
pink outline is the model running domain and blue outline is the region of interest (ROI (b)). (B Togdtive soll
moisture at initial time and the average conditiorited models in the three drought stages with outlined wet and dry
regions. (c) 7day (moving window) LIS average toprirelative soil moisture and precipitation in the ROI.
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3.1.2IEM Radar Reflectivity

lowa Environmental Mesonet (IEMhttps://mesonet.agron.iastate.pdgenerated mosaic

NEXRAD (Level 3) base reflectivity (NOQ) of U.S. This mosaic product3aasn intervals and
spatial resolution of ~1 km. The increment of the reflectivity is 1 dBZ, which gives a smoother
transition than abrupt class jump of 5 dBZ in NOR product. This data also removed anomalous
clutter propagation and suspected false echessy radar echo tops. Due to the fine resolution,
this product was first regrided &31-km map agonsistent with th&lU-WRF model. The regrided
reflectivity of 20122016 MayOct were used together with ARM MCS data to build and test MCS
identification nethod. Then the method is applied onto 2018 reflectivity as reference to compare
with model results. Although this product has a high frequency of every 5 minutes, only data with
an interval of an hour are used to build MCS identification method so #iatrtbstep is consistent

with model output.

3.1.3MERRA-2 Low Level Jets

The LLJdata is provided btheFergusorgroup whadentified and classified coupled LLJ (CLLJ,
when LLJ is coupled with upper level jet) and uncoupled LLJ (UCLLJ) based on Bonner
Whiteman classificatio(Bonner 1968; Whiteman et al. 199@hd analysis of local Finike
Amplitude Wave Activity(Huang and Nakamura 20163ing MERRA?2 at 0600 UTC during the
drought period. The coupled LLJ isfoleed when it is associated with the trougtige structure

and the uncoupled LLJ is underneath an wbpezl ridge or a zonal flow. More details of LLJ
identification can be found iBurrows et al.(2019 andFerguson et al(2020) Although the
MERRA-2 data has a resolution of 0.5 x0.625 |,
due to the applied wavamplitude thresholds usedBurrows et al. (20199n 125km European

Centre for MediurrRange Weather Forecasts CouplediizReanalysis of the twentieth century
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(CERA-20 C). The MERRA2 defined LLJs were downscaled to 4 km before analysis. Because

of the small domain in this study, itdsfficult to identify the complete synoptic structures from

model simulations. Meanwhile t he coupl ed model s use sp-ectral
level wind. Therefore, the MERRZ LLJs are used as the only source of identified LLJs in this

study and considered to be the same in both reference and the model.

Table 3-1:
Model configuration
. . Cumulus .
Model Resolution | Nudging scheme Boundary layer scheme | Forcing
cu-on G3D and UW
600 km MYJ MERRA-2
cu-off 4 km None
LIS Landonly uncoupled NLDAS-2

3.1.4NU-WRF and LISLand-only Model

In this study, two sets of NWRF simulations- cu-off and cuon are used. Configurations of the
two coupled models (Tablg1) are nearly the same as the previous study in chapter 2, which
showed a more realistic spatial @patation in cuoff. The only difference is the spectral nudging
(for upperlevel wind, geopotential height and temperature), which varies with the domain size
and was set to 600 km in this study (800 km in chapter &pirup ofLIS land-only (uncoupld)
model was run using forcing of NLDAS from 1979 to 2018lay 1*, 0000 UTG followed by the

two NU-WRF runs tillthe end of September. The LIS Laodly model was alsoontinued to run
after the spirup for the same periotill the end ofSeptemberas eference forprecipitation
(downscaled fronNLDAS-2) and surface relating variables (esgil moisture, sensible heat flux
latent heat fluxnet radiation at surfageThe cuon is first used to see if it can simulate reasonable
MCSs and if it doedhow well it performs during a drought. A simple MCS verification irocu

and cuoff have been presented in SectioR.3. and the cwon is found unable to simulate MCS
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occurence and is exclude from later drought analysis. All hourly model cupaitaggegated

into daily data for precipitation analysis.

3.2 Method

3.2.1 Overview

Thestudy period for the018drought was chosen froMay to Segemberbased on USDMThe
2018drought inCentral Great Plasemergeas a resulinexpansiorof the southwestardrought
which began in the winter c2017. Maywas selectedas the first monttof the analysis for two
reasons. The first reason was that May is the beginning of the warm season whenrAocal L
interactions are expected to play a stronger role due to increased solar radiation. The second reason
is that during the month of May the dgiu over the Great Plains began to peel off from the
southwestern drought region and developed into its own extreme drought core (D3 in USDM)
from May to August (Fig3-1a). Although thee is still plenty of precipitation duringhe five
months the soil moistureis very dry with percentieless than 50 fomostof time, especially
before midAugust(Fig. 3-2). To analyze the drought, two coupled modelsqaouand ceoff) and

an uncoupled model (LIS larmhly) wererun over the study region. The LIS sintida is used

as reference for Lardtmosphere (EA) analysis during the drought period and was used to create
the initial states in the coupled model runs (see Sectio#h. 3or more details).

The 2018 drought period is split into 3 stages based on-tlay Average tofim relative soil
moisture (RSM, Fig3-1b-c) in LIS: 1) developing stage (Mayi 1July 15, 76 days); 2) persistence
stage (July 16 Aug 15, 31 days); 3) recovery stage (Augil8ep 30, 46 days). The RSM is the
available portion of soil meture above the wilting point divided by maximum available soil
moisture above the wilting point (equatioriB

YYO YO YO YD YD (3-1)
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Here,"YU is the soil moisture contentyd is the wilting point andY0d  is the maximum soil
moisture achievabl@he RSM provides a good indicator of drought spatially as it accounts for the
difference in soil textures and types throughreximum (SMhay) and wilting point (SM) soil
moisture. The tay average RSM over the study areased in this study instead of any standard
drought indices because RSM can show the continuous change and comparisottirime real
conditions rather than @ive abnormal levels. Since this is not a mydtar study nor a global
analysis which covers different climate regions, the use of absolute values can help to understand
the change in time series for the region. July 15 and August 15 are chosen sepseaien dates
when 7#day top tm RSM mean fell below 0.2 and when RSM started to continuously recover
from thelow trough. Although the drought does not completely vanish by the end of September,
the RSM is recovered to a similar level as in May. Ttage separation is also consistent with 7
day average precipitation in Figrlc. A wet and dry region are then defined for comparison based
on the average RSM spatial patterm May 1st(Fig. 3-1b). Figure 32 shows thelry region is
nearlybelow 20" percentile beforemid-August whereas the wet region is nearly abines0"
percentilefor the whole period.

To identify MCS events during the drought event;fdt@r method based on mach#esarning is

used to identify MCSs using radar reflectivity. Tmethod is revised frorhlaberlie and Ashley
(2018b,a, 2019[see Section 3.2.2. for more details) and is applied to identify MCSs in coupled
models and in IEM data, and together with a LLJ identification method based on low level wind
speed and cyclonic/anticyclonic local wave actiBurrows et al2019; Ferguson et al. 2020)

using MERRA?2 at 0600 UTC to classify precipitation types for 2018 drought.
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Figure 3-2:

LIS il moisture percentd compared taits climatology For everyday from 2018 May to Sdhe percentile is
calculatedcompared tdhe nearest 2 weeks (one week before and after) in histgeeas from 1979 to 201 The
dashed green line shows th@" percentile. The black line shows the innieterest domainROIl) as blue box region
in Fig. 3-1a. The blue and red lines are average percestitwet and dry regiongspectively

Precipitation isclassified into 4 categories separating the local andlowal events: 1) MCS
impaced precipitation (MCSs cover at least 10% of the region); 2)-ichdaced precipitation
(LLJs cover at least 10% of the region); 3) MCIS) impaced precipitation(both MCS and LLJ
cover at least 10% of the region although not necessarily overlagrdg}) local precipitation
(LC, precipitation that is not classified as MCS or LLJ impactéte threshold of 10% is chosen
to balance the area difference betwtewet anddry region and it is approximadyethe minimum
MCS size requirement (90~100 kn®0~100 km area ithewet and dry regions). MCSs and LLJs
are prevalent at night which usually peak around midnight (0600 UTC) and die out before the noon
in the Gentral U.S(Bonner 1968; Carbone et al. 2002; Carbone and Tuttle 2008; Warghand
2009; Berg et al. 2015/ similar pattern is also found theclimatology inthestudy region (Fig.
3-3a). Thereforethe time 0fl800 UTC (12 CSTis choserto separatéhe daily impact of MCSs

and LLJs. If MCS or (and) LL3impact precipitation is (are) found at any hour within a day (LLJ
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only i dentified at O0roMCSE ordanhd}LJimpad day The foequericyd e r e d
and intensity of different types of precipitation are then compared at all stages and betiveen

and dry regioato quantify their contributionsThe model performance is assesbaded on its

accuracy identifying daily status of precipitation, Md$aced and LLJimpaced The soll
moistureprecipitation process ithenanalyzedto understandhe modelinaccuraciesLasty, a

time lag analysis is performexhthe LLJ classificationto illustrate its influencen precipitation
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Figure 3-3: (a) Mean annual frequency and (b) duration of MCSs irROI climatology

(a) Mean annual frequency and (b) duration of MCSs in ROI (blue region ir3-Hig). climatology (2012016 May

Oct). The duration less than 3 hours is caused by theftwgffects that MCSs are identified in a larger running

domain (pinkregion in Fig.3-1a) whereas the analysis region (ROI) is a subset.

é
|

3.2.2 MCSldentification

There are many different methods for classifying an MCS e(featker and Johnson 2000;
Schumacher and Johnson 2005; Hane et al. 2008; Coniglio et al.[2Q14) of trem rely on a
specific measure whether or not a certain threshold of the storm intensity and a certain duration
time is exceeded.he MCSin this studyaredefinedas convective systemith a scaleexceeding

100 km for at least 3 houes definition inParker and Johnson (200@ndare identifiedn a 2

filter algorithmrevised fromHaberlie and Ashley (2018a,b, 2019he stepsisedto identify

MCSsaregiven as below.
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1) The first step is identifyingotential MCS slices using IEM radar reflectivity. For all hours,
neartbyconvective regions (040 &Blifierentdroncddleddn ng an
Haberlie and Ashley (201%ue to different dataesolutions)contained at least onaetense
cel | (050dB2Z) i nsi de ar e Thenjgrexks oivthda merged a r a
convective regions arenchecked to be at least 100 km to meet the requirement of MCS
scale. Therthewider stratiformrgi ons ( 020dBZ) with any merged
are identified as potential MCS slic8hese slices arbé possible MCS precipitation reg®n
Next, fourteen slice featuresame as itdaberlie and Ashley (2018aje calalatedincluding
area, solidity, intense area, minor axis length, convex area, irggasgéorm ratio, convection
area, convectiogtratiform ratio, intensity variance, major axis length, mean intensity,
eccentricity, intenseonvection ratio and max ensity.

2) The second step is toeate potential MCS track¥he tracking method used in this study is
based on the trackingiethod inHaberlie and Ashley (2018kyho used a I4limensional
Euclidean distance between overlapped MC&edleatures from step 1 to find the optimal
matching MCS slice in the next time step. In their study, all overlapped slices are compared
with a timestep of 15 minutefn contrastthe reference ARM dataset, see Sectionl3)

MCSs use 50% as an overldydshold on 30 min interval inferred brightness temperature for
tracking(Feng et al. 2018)To be more consistent with our reference, the overlap iaset

to be at least 20% consideritigecoarser temporal resolutiomthemodel simulatiorfhourly).
Meanwhile,the maching algorithm is revised from a ct@one matching in Haberlie and
As h | ey 0 s msltipletd-gne rmatching algorithm. All slices matching to the same slice
in next time step are considertmbelong to the same MCS development. This algorithm

allows tracking MCS movement back to its origin and reduces MCSadfaissificationfrom
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3)

underestimating their durations. However, to avoid overestimating the duration, only one of

the slices splitng from the same MCS with the most similarity is consideoeldet matched.

Each MCSdurationwas then checked to ensure a duration of at least 3 hours.

The third step creates Zfilter threshold algorithm to identify MCSshased on machine

learning. Previous processed MCSs are not considered as final MCSs because other weather
systems which have similar scale structures might be misinterpreted as MCSs slices. To reduce
misinterpretation, Haberlie and Ashley applied macthinear ni ng met hod &6cor
slices based on their 14 features after stdp tontrastsin this studythe machine learning

method isusedto apply in the last step because the uncertainty of training slices previously
could be brought into lateracking process. Thmachine learning method used for the final
identification is6 Gr a d i e n t(Fri@man<@01; Mastde et al. 2008hich was used to

train MCS®ney a aa 6valdaiangoshistorical [EM dattom Mayto October

in 20122016 The Gradient Boosting (GB) methads selectebecause iperformed well at
identifying MCSs i n HleepasamétarsetheaGB dhethodrddetey 6 s st
be the same as in their best performanddaberlie and Adh e y 0 s(n_gstimiatbgs=1000,
learning_rate=0.1) which produced an average Heidke skill score of 0.93 for 8 years testing.
The GB <classifier can be easi-l gatdmisdikiied usi
learn.org. The GB classifier requires taaining data setand the initial plan wato usethe
Atmospheric Radiation Measurement (ARM) MCS datal{&sang et al. 2018, 201%sa

reference However, lecauseéhe ARM datausea | onger requiret durat
define MCSs it was not reasonable to directlyeference itto train the MCS slices. The
inconsistent MCS definition increases the uncertainty in MCS training and makes the

theoretically highest testing accuracy to an unknow value below 100%. To solve this problem,
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A new reference poa$ built consisting of all slices from éir respectiveMCS tracks if they
overlapped with ARM MCSs at any time step. The new reference pool is then used to
iteratively train and test historical dataainrossvalidationframework For each iteration, two
thresholds are used to define MCSs. Tits threshold (Th1) is used on probability predicted
by GB classifier verifying MCS slices, above which can filter the-M&S structures based
on their features. The second threshold (Th2) is applied by checking the portion of slices
verified as MCSs b¥B classifier in each MCS track, and thus filter the tracks with too many
non-MCS slicesThis is an original aspect of this work and is called2fiéter identification
It has the advantagemonvng misinterpreted structures while keeping the sliaassistency
within the referenceMCS tracks.The sensitivity of théwo thresholds were tested given a
range of values from 0.5 to 1 with an interval of 0.05. The optimal threshetd$oundto be
Th1=0.65 and Th2=0.5, which produced an average accuf&8/5% from the five iterative
tess. Figure3-3 verifies the Zfilter method can produce reasonable MCS frequency in diurnal
cycles and durations for 202D16reference time period hediscrepancies ifrequency and
durations in IEM MCSs are causeddifferent MCSs definitions and identification algorithms
from ARM dataset. The best training years are found to be a composite of 2012 ai202614
These optimal settings are then applied on 2018 IEM data and/RB simulations to identify
the referencand model MCSs separately.

The numbenf MCSs produced bthe cu-on, cu-off models and the reference dataaset shown

in Figure3-4. Compared with cwff, cu-on largely underestimate MCS frequency and durations.

Although the ceon MCS precipitation is atut 1.12 mm # more intense than eoff (not shown),

the low MCS frequency cannot explain the largely wetter soil during the drough8-(Huy. This

indicates the overestimation of local precipitation inoouwhich is consistent with previous
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findingin chapter ZZhang et al. 202Xthat cuon tends to overestimate light rain both in frequency
and space. It is clear that-om does not show skill generating reasonable MCSs and thus is
excluded fronthe remaininglrought analysis. As a contrast;aff showsa similar MCS diurnal
pattern and duration as in IEM, although it also underestimates nocturnal MCSs largely. Therefore,

only cuoff analysis is present as coupled model result in Se8t®n
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Figure 3-4:
Diurnal MCS frequency and duratiaf 2018May-Sepin ROI

3.3 Results

3.3.1Contribution of Different Precipitation Typesin Reference

The LLJimpact (green)MCS-i mp ac t (orange), preci Piandti on
precipitation intensity (coldoar) in both the wet and dry regions are shawiigure3-5. LLJ and

MCS are largely distributed during the whole periGdnsistent with the 3 drought staghECS

and LLJsparsely occur in stage &iest periodJul 15Aug 15) compared to other tim@ndicating

there is darge contribution to the precipitatioBue to the larger zonal coverage in wet region,

days with LLJ impact irthe wet regionwithout affeting thedry region means the LLdainly

pass the western parts of tdemain. Toclearly show the impact of MCS and LLJet

corresponding precipitation types are analyzed in termsheffrequency and intensityf
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precipitationin each drought stage in Figus& and3-7. It should be noticed that the analysis here

is present on a daily scale, which is different from many hehaled analysis in past studies.
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Figure 3-5:

Temporal distribution with classified precipitation types in 2018 M8ap. Last row in each subplottlse daily
precipitation. Precipitation at least 1 mmtdk considered as a precipitati day.

According to reference (LIS), the dominant precipitation type during this drought®eayTable

3-2) is the MCSLLJ impact precipitation (PML), followed by MCinpact precipitation (PMCS),

local precipitation (PLC) and LEilnpact precipitation®LLJ) accounting for ~49%, 280%, 12

17% and ~10% of total precipitation respectively in wet and dry regions. The PML is the most
frequent and intense precipitation type (LIS in Bgaand Fig 3-7a). About 17%22% of days

in stage 1 and 3 have PML, which account 483%o of total precipitation in each stage. As a
contrast, MCSs and LLJargely decreasem stage 2 The MCS and LLJ relating precipitation
days decreased from 47% (38%) to 23% (1996\vet (dry) region andurtheredthe drought
persistenceThe reduced MCSs and LL&glow a clearer display ofthe importance of local
precipitation, whichs shown to behe mostfrequent(about 20%)precipitation typean stage 2.

However, tle PML wasbackto be the domina precipitationin stage 3with thereturn of MCSs
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and LLJs Thesoil moisturealso showsa recovey with a total precipitation ofbout235 mm

within 46 days irstage 3

Table 3-2:
Contribution of different precipitation typekiring the2018drought
Precipitation contributioh Total precipitation
Region PLC PMCS PLLJ PML (mm)
LIS Wet 11.7% 29.6% 10.2% 48.4% 687.16
Dry 16.6% 24.9% 9.4% 49.1% 541.17
cLoff Wet 15.7% 34.8% 6.5% 43.1% 711.19
Dry 15.8% 29.9% 6.9% 47.3% 582.08

aonl'y precipit at aretakehistyascoyntt O 1 mm d

(a) LIS  \Wet EE Dry

25
Stage 1

Stage 2

Stage 3

Frequency [d]

LC MCS L MCS-LLJ LC MCS LL MCS-LL LC MCS LLJ MCS-LL

(b) cu-off Bl Wet N Dry

25 4 olo
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Frequency [d]
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Figure 3-6:

Frequency of different precipitation typies3 drought stagedocal (LC), MCSimpact, LL3impact and both MGS
LLJ impact.The precipitation type is classifieéiéed ora daily timestep The percentage values above the bar show
the portionof daysaccording to total days in each stage. The days includ#tkithreedrought stages are 76, 31 and
46 respectivel.
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Figure 3-7:

Daily precipitationintensity fordifferent precipitation types ithe threedrought stages. The intensity here is the daily
average value over the weed dry regions. The percentage values account for the portion to total precipitation (only
for P @& inkacmstaged

It is clear from Figure$-6 and 3-7 that the MCS and LLJ classifications contribute the most
precipitation during the 2018 drougFkor both the wet and dry regions, the referénCs relaive
precipitation (PMCS+PML) and LLJ relae precipitation (PLLJ+PML) are 74%8% and ~59%

of total precipitation (Tabl&-2), which is consistent with their large contributions in many past
studes.Here theMCS relaive precipitation shows a bit larger contribution than the largest 70%
MCS contribution inFritsch et al. (1986because of the coarser temporal resolution (daily) and
the least 10% coveraglefinition forMCS impact regionThis may include some peds of light
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rain that are not specifically defined as MCS precipitation on an hourly analysis. However,
considering the small wet and dry region, it is likely that the nearby precipitation is somewhat
impacted by the atmospheric environment favoring M&$s~v hours before or after. Thus, this
estimate also includes indirect impacts from MCSs and LLJs and provides an upper bound estimate
of the impact.

The local precipitation (PLC) is the third largest classification contributing to total precipitation,
which shows a relatively stable frequenEig( 3-6a, 9%-23% of time in all three stages) regardless

of the MCS/LLJimpact. There is no consistent frequency preference of PLC over dry or wet region
over the drought period but the dry period (stage 2) clestiyws a more frequent local
precipitation (19%23% of time) than stage 1 or stage 3 {9986 of time), indicating a stronger

local L-A coupling during this time. Moreover, the contribution of PLC is about-28% of total
precipitation in stage 2 (Fi§-7d), which is about twice of contribution in stage 1 and 3. However,

the intensity of PLC in stage 2 does not show a big difference from the other two stages. This
means the majority of the increased PLC contribution in stage 2 is due to its increageioeci
frequency (percentage), and also caused by the absence of MCSs and LLJs. This highlights the
role of PLC and again stress the importance of MCSs and LLJs in drought development which

dominate the precipitation in this region.

3.3.2 Precipitation| nterpretedin the Model

The cuoff model is found to havegoodestimation otheprecipitationdays andreasonablskill

to correctly identify the precipitation typand its intensityFig. 3-6 and Fig. 37). For both wet

and dry regions, nencomparing the daily precipitation status (whether it is a precipitation day),
the accuracyin cu-off is about85%. To estimate more accuratglgvery day is identified

considering3 aspects: (1) whether it is a precipitation day; (2) whether LLJ impact the region; (3)
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whether MCS impact the regiomhis allows more specific classification on no precipitation days
(P<1mm d) in addition to 4 precipitation typesed intheprevioussection With this comparison,

the cuoff is found to correctly identify I of daly status during the whole drought period (Fig.
3-5) and58% of daysin referencd precipitation daysSince the LLJ is considered to thesame

in reference andnode| the cause of daily classification difference relies on the model skill of
predicting MCSs ands accuracy of predictingaily precipitaion intensity (determines it is a
precipitation day) Clearly, cuoff has some deficiencies in predicting MC3nd daily
precipitation.The cuoff shows some uncertainty predicting the PMCS and PML intensity that
PMCS is sometimes more intense than PML whereas the reference always show the most intense
precipitation in PML. Considering the lateral boundary lichily MERRAZ2, the ctoff model
should be able to pass the moving MCSs into the domain near the boundary. However, with the
overalllessPMCS frequencyin the mode(Fig. 3-6), the higher PMCS intensity (Fig-7) and the
overall larger PMCS contribution (Tak®e2) indicates a reinforced influence from the locahL
interaction on simulating MCS intensity. Meanwhile, the overall PLLJ contribution is
underestimated by 3% (Tab82) with less PLLJ intensity (Fig3-7), which may explain the
overall underestimation of PML contribution in-off (Table 3-2). A more detailed analysis
interpreting the LLJ impact isonductedn section 3.3.3, which helps to explain the PLLJ and
PML difference.

As mentioned abovey-off is likely to show an enhancéatcal L-A impacts on MCSs. In addition,
chapter 2 shows the @ff model tends to underestimate precipitation events (Tadland Fig.

2-7) which suggesh possible internal cause inhibiting precipitation triggerirtgesetwo results

rise a possible explanatidimat there is dry tendency in ctoff. To test whethethisdry tendency

existsin cu-off, daily P (precipitatiodMCS-LLJ status are compared to reference Biflssessing
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categories(1) overestimaterecipitation strengtfi.e. producing precipitation on no precipitation
days, escalating PLC to PMC& PLLJ to PML) (2) underestimate precipitation strength
(opposite to (1)) and (3he same forecast strengthable 3-3 shows theportion of days in edc
stage thatcu-off overestimate or underestimate the precipitation streribfiere are more
underestimatiowlaysin both regions in stagedhd stage andmore overestimation days in stage
1. This seems to show an inconsistent tendency in differentsstdgevever, considering the
strong underestimatiaof precipitation strength in stage 2 when M@8d LLJimpact are largely
reduced it is possiblethat thedry tendency is based on a local mechanigmch can be easily

disturbed byMCSs and LLJs

Table 3-3:
Difference of daily FMCSLLJ status in ctoff

Stage | Estimaing P Strength Wet ROPR Dry ROR
1 Overestimate days 19.7% 15.8%
Underestimate days 14.5% 10.5%
) Overestimate days 12.9% 6.5%
Underestimate days 25.8% 19.4%
3 Overestimate days 4.3% 15.2%
Underestimate days 15.2% 17.4%

aPercentage values are overestimate/underestpnetgitation
strengthdays according to total days in each stage.

To further explore the potential dry bias inaff, adaily time serie®f variables relating th.-A
interaction areanalyzed It is found thatcu-off largely overestimate daytime sensible heat (SH)
during the whole drought peri@hd slightlyunderestimate daytime latent h@at) which results

in a lower daytime evaporative fraction (EHg. 3-8). This flux differenceindicates that the
boundary layem cu-off is likely to grow higher and drigiFig. 3-8g-h) during the day and leave
ahigherstable caping inversiorat night whichin turninhibit the convection othenext dayand

extend the dr persistenceHowever, his patterncan beinterruptedwhenthere is a nothocal
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system destabilizinthe boundary layer, such &ansportingow level moisture into the region
(e.g. MCSs and LLJsdr cooling the top of the boundary layer whiasheakens the capping
influence andncrease the vertical temperature gradience allovawgair mass to shoot over the
boundary layer

Due to the lack oatmosphdc profile in reference, the assumed mechamesultingalocal dry
persistence in coff cannot be provedirecty. However the existence of the yipersistence can
bechecled usingMarkov Chain For any two consecutive days without MCS and LLJ impact, the
precipitation status is recorded to calculate the probabilithe$econd dayt+1) precipitation
status based on the firday (t) precipitation statusTable 3-4 showsthe exceped P-to-No P
transition inthewet region, all other transitiah probabilitieso No Pon second days aB86-7%
higher in cuoff, which indicates a weak dry persistence in the mddkeen all days are accounted
with MCS and LLJ impacts, this dry persistence disapfrerrshown) which agrees with previous
assumption that itould be caused bglocal land-atmosphere interaction in the model that are
easily disrupted bynesascale eventsAlthough this dier persistence seems to be very waak
could help to explain tdifference identifying the daily-RICS-LLJ status in Tabl&-3. The
precipitation strength is largely underestimated in stage 2 when the signal of local interaction is
more obvious with less MCS and LLJ impad@sth stage 1 and stage 3 are largely impacted by
MCSs and LLJs, but the precipitation strength is genesalierestimated in stage 3 whereas it is
overestimated in stage 1. This may be explained by the temporal distributiotM@®@nd ne

LLJ days which are morelustered in stage 3 rather tharore discrete distribubn in stage 1
(Fig.3-5). The longer pedd without MCS and LLJ impacts, the more likely the local feedback

signal 5 obvious and reflected asunderestimation of precipitation strength.
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Table 3-4:
Markov Chain of precipitation status without MCS and LLJ impacts

t+1 (Wet ROI) t+1 (Dry ROI)
P No P P No P
s P 38.5% 61.5% 42.9% 57.1%
. No P 29.4% 70.6% 17.5% 82.5%
cloff P 44.4% 55.6% 40.0% 60.0%
No P 22.2% 77.8% 15.4% 84.6%

3.3.3Time LagIimpact of LLJ on Precipitation

Results in section 3.3.1 shows thatJ alone seem to have smalllirect contribution to
precipitation.Table3-2 shows thathemost LLJ relating contributiasis dueto PML when MCS

is incorporatedvith the least contribution of precipitation dueRbLJalone(Fig. 3-6). The PLLJ
intensity carhas a high variability Wt is generally about the sanmeagnitudeas PLC (Fig.3-7).

In addition, the precipitatiodaysimpacted by LLJn Figure 3-6 only account for 55%60% of

total LLJ occurrence iwet and dryregions for the whole drought periotheseindicate thathe

LLJ is not a deterministic factor causing the precipitatiomunderstanavhetherand howlLLJs

can indirectlycontribute to precipitation, an up teddytime lag analysigFig. 3-9) is conducted
using Kendal | dedweenh gha occuosenad bLU @ ltJocpamd precipitation (Poc),
the LLJ occurrence and daily precipitation (Pavg), the LLJ coverage (LLJpct) and precipitation
occurrence, the LLJ coverage and daily precipitation.

All four paired correlations are similar for all time lags, are/thll pass the significance test only
in 1-day lag (Fig. 2). In the wet region, no other time lags are significant, and -ty llag
correlation is the highest around 0.2. The-Gagorrelation is almost 0, which indicates that the
LLJ impact on precipation in the region is weak indicator for the first day but prepares the
environment favoring for precipitation with 1 day in advance instead of triggering thedsgme

precipitation in wet regionThis explains the difference of PLLJ contribution argliittensity
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between ctoff and the reference (TableZ3and Fig. 37) that PLLJ is not strictly relate to LLJs

on the same dayConversely, correlations in the dry region are slightly higher and are partly
significant in time lags of 0, 2 and 5 days. Bogference and eaff show significant correlation
between LLJpct and Poc/Pavg on the same dayOjlagnd only LLJpcPavg correlation is
significant in reference on the third day @2g This means the dry region is more sensitive to LLJ
impact. The LLJmpact to form precipitation is usually withinday lag, but there is a longer
preservation of LLJ influence up to 2 days in advance based on the LLJ passing area which likely
links the amount of importing moisture with precipitation intensity. The rdiffee between the

two regions may due to the higher sensible heat flux and the warmer air above the dry region (Fig.
3-10ef), which produced a higher boundary layer with higher equivalent potential temperature
(de). When LLJ passed by, the strong wind amoist incoming air increase the instability more
over dry region and allow its lo¥evel air mass easier to reach higher altitude and trigger deeper
convection. This produces a52 higher chance that precipitation occurred on-ichgact day

over the dryregion. It is unclear why the correlation between LLJ occurrence and precipitation is
significant on the B day (lag5) at about 0.2 in dry region, but it may relate to the local L
interaction when LLJ and MCSs are less frequent.

When comparing between -gif and reference, the LLJ impact on precipitation is quite similar
but slightly stronger in coff (Fig. 3-9). The lagl LLJ-P correlation is 0.03 (0.04) higher on
average in cwff over wet (dry) region, and there are2lpairs & LLJ-P correlation passing
significance test in laf and lag2 day for the dry region. Although these differences are quite
small, the correlation is consistently higher in all time lags and the difference is about 0.05 (0.13)
on average in wet (dry) rean. This adds the confidence that the LLJ has a slightly stronger impact

on precipitation in ctoff compared to the reference.
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Time laganalysis between LLJ and precipitatioRilled markers shows the significant correlation passing 5%
confidence level.
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Time series plot of (@) precipitation, (ed) top m relative soil moisture, {§ 2-m air temperature, and {f) surface
temperature in wet and dry region
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3.4 Discussion

An obvious overestimation of sensible heat flux is found woef€(Fig. 3-8), which could cause a

drier persistencen the modelTo find the cause of this large bias, the net total radiation, the net
longwave and shortwave radiation as well as the surface albedo are plotted inr3Hifuteis
obvious that théias insensible heaflux is mainly from the overestimation in neshortwave
radiation.With the nearly perfect simulation of surface albedo (&itjlg-h), this overestimation

is primarily due tahe incoming shortwavedowever, the bias in incoming shortwagenot the

only reason causing surface flux hiage EF in cuoff is found to have a very good fit to reference

in stage 2 over dry region when net radiation is still overestimated. It is found that both latent heat
and sensible heat are slightly overestied balancing the bias in flux partitioning (F838a-d).

As a contrast, latent heat is generally underestimated during other drought stages or in wet regions
which increase the bias in flux partitioning. The larger latent heat over the dry regionsddageg

2 in cuoff is duetoits higherremainedRSM (Fig. 3-10d) when SMET relationship has converted

from energy limited to water limited regime (EF<0.FJowever, this cannot explain the
underestimated latent heat for other drought stages when botraR&NEet radiation are higher

with aslightly lower2-m mixing ratio(Fig. 3-8 and3-10). One of the possible reasis that the
mechanism partitioning the surface flux in the model is different or largely dependent on a SM
relatethreshold distinguishing the watlmited and energyimited SM-ET relationship. Although

to prove and test this assumption is beyond tbpesof this study, a good guess ast8M-ET

regime conversiors possibly lower than 0.2 itop -m RSM (Fig.3-10d), which can be usefr

testingin thefuture work.
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In contrasto the common idea that stressks importance of LLJ$ bring large amounts of
moistureinto Great Plainresults inthis studyimpliesthatthe actual contribution directly from
LLJ to the total precipitationrmay not be largelTo understand the difference l.J impact and
MCS impact,aMC&PKendal | 6s Tau c oinKigerke3al2 withhedayitime laga | c ul a
similar toLLJ-P correlation in Figur&-9. Different from LLJ, MCSP correlation is highest in
lag-0 at about 0.56<eep this in mindvhenconsidering theveak(<0.2) and partly insignificant
LLJ-P correlatioron the same day (la@), the MCSmayalso be the dominant factor in PML days
Most precipitation in PMLUs expected fronMCS impactconsidering the PMCS contribution is
more than 2 timethe PLLJ contributionin both regions (Tabl&-2). In addition, PML days
account mre than 60% of LLdmpact precipitation day@PML+PLLJ) and about 83% of total
LLJ-relating precipitationAlthough i is difficult to split the contribution of MCSs and LLJs in
PML, the resultsndicatethe precipitation contributed directly from LLJ is very smalL] is

found towork in a slower and indirect way contributing to precipitation up to 2 dagad
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Figure 3-12

Time lag analysis between MCS and precipitation. Filled markers show the significant correlation passing 5%
confidence level.
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In this study, there is uncertainty in MCS identification based on the possible incortsesggmt

for radarreflectivity. The radar reflectivity used in enff is the maximum reflectivity, whicoes

not tell at which level it is detected, and thus ccagddifferent from reflectivityevel detected in

IEM (basereflectivity productwhich detectsthe lowestradarlevel). To test tis uncertainty,
reflectivity of cu-off wasinterpolated to 1.5 km and 2.5 km above the ground to identify the MCS
as well Figure 3-13 shows the comparison of diurnal MCS frequeritys clear thausingboth
1.5km and 2.5kmreflectivity would largely underestimatedaily MCSs and the maximum
reflectivity provides the best matchherefore, with analysisasedon the daily scale, our results
should provide @ood classification oflaily -MCS-LLJ statusHowever, Figure3-13 shows a
defect in cuoff in that it largely misses MCSsom local midnight till noordespite thechosen

reflectivity heightused in the classification

—¥— |EM MCS —a— z2.5km MCS
—+— z1.5km MCS —e— mdBz MCS
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Diurnal MCS frequency identified at different reflectivity heights

3.5 Summary

This chapter analyzed thprecipitation drivers during the 2018drought based on daily
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precipitatioamesoscale convective systéow level jet @E-MCS-LLJ) status and the
correspondingu-off model performance BsvaluatedMCS is found to dominate the precipitation
during the2018drought.Surprisingly, the direct LLihfluenceon precipitation is smaland the
large contribution in many past studiedating to LLJsis dueto the MCSs which concurrently
occurred anccombinedwith LLJs on PML daysThe LLJs are found tandirectly influence
precipitation through providinmoistureand dynamially preparing the atmospheeavironment
favoring for precipitation with -2 days in advance insteadmiducingsameday precipitation.
The cuoff model is generallyable to reproduce MCSs dhe daily scale and showa fair
representative of different precipitation types and Werall changs of MCSs and LLJs during
the drought evolutiorHowever, some interesting model deficiencies are also fouhts chapter
A dry persistence existn the modebecause ofhe large overestimation of sensible heagto
the bias from incoing shortwave and inaccurate flux partitioning addition the cuoff
precipitationis more sensitive to MCSs and LLJdthoughthe analysis in this chaptenly finds

a weak signal to support these two assumptidngrovides aotherexplanation forinaccurate

modelforecastsuch as the underestimation of precipitation evelgstified n chapter 2
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Chapter 4: The Role ofSoil Moisture in Precipitation Formation

Previous studielsave done a lot of analysis tihresoil moisturé precipitation (SMP)relationship
andfeedback (Eltahir 1998; Diro et al. 2014; Ford et al. 2015; Welty and Zeng 2018; Moon et al.
2019) The L-A interactiors relaing soil moisture to pcipitation is very complicatdue to
different atmospheric environmentThus, many studiesuse some simple indices such as
convective triggering potentiaC{TP) andhumidity index HI) to distinguishdifferent atmospheric
environmergand identify the feaorable soil moisture condition to trigger precipitation under these
environmentgFindell and Eltahir 2003b,a; Ferguson and Wood 2011; Roundy and Santanello
2017; Santanello et al. 2018jowever,these simple indicesiss the details ahe atmospheric
condition and thus cannot ensure the resuktsiot impacted by nofocal scale fact@ The SM

P relationkip under nodocal scale weather systems in pstsidiesmostly focus on one sgific
mesaoto-largescalesystensuch adviesoscale Convective SysteM(S) andLow Level Jet(LJ).
There arefew studiesanalyzing SMP feedbackunder both local and notocal atmospheric
environment This gap in the researcty understand 1A interacton after teasing out the non
local system impactsiotivates this studyBuilding off of themethod in chapter 3 to identify the
different precipitation days separating the MCS and LLJ impalttsys for a further analysis to
isolatelocal L-A interactionand tounderstandhow the soil moisture contribusdo precipitation
formationunder different atmosphergonditions

4.1 Method

This chapter iuilds off of the work in chapter 3 and provides furttiealysis ofand-atmosphere
(L-A) interaction based on soil moisture conditidihe data used irthis chapter is the same as
chapter 3 witloneadditional model runThe additional model run was selectedrder taanalyze

the role of soil moisturevia L-A coupling during thedrought The newrun wasconductedby
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changingtheinitial soil conditionswith the same model configuration asafft The new run is
hereafter calledcu-off SWD06 (switching wet and dry region)rlhe mean values dbur soll
properties gkin temperaturesoil temperature, soil moistusndliquid soil moisture)n the wet

and dry regions dheinitial time (May 1, 000 UTC) were switchedirst, followed bya 3-hour
spinup from2100 UTCApr 29 to0000 UTCApr 30to ensure a complete updating of soil moisture
relatingproperties such as albedd.he 3hour spirup periodwas chosen based odentifying a
periodwhen theravaslittle precipitationwithin 15 days from May &t 2100 UTC to 0000 UTC
Only Apr 27-29 hal little precipitationand Apr 29 provides the best maedshownin Figure4-

1. Except for skin temperaturéhe switched soil temperature and moisture fit well with their
original initialization. The new initialized skin temperature is about 5K lower tbaginal
condition This indicates a strong impact fraheatmospheref the choseB-hourspin-up period

onto surface soil, which also can be seen from the slight bias for top 10cm soil conditions (L1) in
Figure 4-1(b-d) compared to better matin the deepr soil (L2-L4). The land condition after
this 3hour spinup is then used as the new initialization the drought period simulation from
May to September. Results from this new model rurofEUSWD) is then compared with previous
simulation of ceoff considering the different type of precipitation days

Understanding how soil moisture affect the guiation requires a good knowledge of when the
L-A coupling is activatedand how the evaporated moisture is transpodrd forms the
precipitation.Among the variables analyzed, the lifting condensation level (LCL) is the height
when neaisurface unsatated air is able to condense while rising up adiabatically. Thus, the LCL
can be considered as the cloud base if the air is able to rise up to that level. The LCL deficit, which
is defined as the difference between LCL and boundary layer height, is ¢joenl andicator of

when the near surface air is able to reach the LCL (LCL déi@)tand thus trigger convection
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and cloud formation and possible precipitatibhe cloud fractions used in this studjo present
subgrid cloudiness as a fast indicatar tonvection. Itis from the model output usy Xu and
Randall's method (199@)ased on relative humidity and condensate water (cloud liquid + ice)
mixing ratioto approximate cloud fractioue to the moving air, clouds may not be generated
locally. The cloud fraction is then used with precipitation, soil moisture and LCL deficit to
determine if the cloud is formed locally.

For the first part of thanalysis (section 4.2.1)he local precipitation days (PLC) are anatyze
with respect tdhe basic EA interactionandwithout theimpact of MCSs and LLJs. A series of
SM-P relating variables and a diurnal cloud fraction profile are analyzed to buiklkia b
understanding of when and where the local precipitation formed and the rolé ebupling.
After this, further analysis of other precipitation day$J impacted precipitationPLLJ), MCS
impacted precipitationRMCS andboth MCS and LLJ impactedgxipitation PML), are then
compared with PLC days to illustrate how precipitation forms differently with LLJ and MCS
impact(section 4.2.2)Results from cwoff_SWD are thercompared with cwff to understandhe

time when the LA coupling is strong andow largely the soil moisture contributes to different
precipitation. Lastly, a diurnal soil moisture path is plotted to summarize how soil moisture
contribute to precipitation forationin the complicate real world with MCS and LLJ impacts in
section 4.23.

4.2 Results

4.2.1 Soil Moisture Impacts on Local Precipitation Days
The cuoff SWD only changed 16 (10.5%) and 11 (7.2%) days-BIGS-LLJ status for the wet
and dry region respectively during the whole drought period (153 days). The small chanlye in dai

precipitation (Fig. 4) indicates relatively small cumulative impact of the change in soil moisture
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on daily precipitation and requires analyzing thA Interactions at a finer temporal resolution to
detect changes. Thus, a series of variablesngléd L-A interaction on PLC days in eoff are
plotted over the average diurnal cycle in Figw® # provide a baseline fandestanding LA

coupling in the dry and wet region.
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Figure 4-1:

Soil conditions before and after switching thegional meanbetween the wet and dry regio(a) is the skin
temperature; (b) is the soil temperature; {g€Xhe soil moisture; (d) is the liquid soil moisture -L4 referto the soil
layers from top to bottom with thickness of 10cm, 30cm, 60cm and 1m.

Figure4-3ashows thereare two precipitation periods in bothewet and dry regions: one in the
afternoon 19-00 UTC) with a nearly constant intensity, and another stronger precipipetitu
with apeak during the night (early morning)thewet (dry) regionFor the afternoon precipitation,
it is clearthat it iscaused by the growing boundary layer heated by the sensible heatdimxg
the evaporated moisture and qardsing water vapor to rise ufp the LCL (Fig.4-3e-h). The
negative LCL deficit falls below 0 from 09 UTC to 2200 UTC, which matches wellith the

time of afternoomprecipitation However, the boundary layer is decoupled from the upper air (LCL
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deficit >0) before 1800 UTC and after 2200 UTC, whselems not able texplain the night or

early morningprecipitation
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Figure 4-2:
Daily precipiation before and switcimitial soil moisture in wet and dry ROI

To understanchow this nightearly morning precipitation is pdoiced, the cloud fractiowas
analyzed Compared to precipitation, cloudaction hasa faster response to locally triggered
convection before precipitation is able occur Thus it provides a more accurate time to
distinguish the cause of precipitatiofp better present the link between the land and claud, a
averaged diurnal cloud fraction profile is plotted in Figdréab for PLC days There is an
increase of lowevel cloud (@round 90thPa)from 1800 UTC to 2300 UTC showing the strong
L-A coupling in the afternoon. For the wet regiomgreshallow clouds arormed in the afternoon
with a longerdurationcompared tdhedry region. Thigs owedto thelarger evaporation (tger
latent heat flux in Fig4-3€) over the wet soitegion There is alow consistent increase of cloud
fractionin thelow level between700 and 900hPaduring this timejndicaing a small mpactof

the afternoon couplingrhisimpactcanlast to the evening aft@000 UTC when boundary layer
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and LCL are decoupleddowever, without a gradual increase of cloud fraction from surface to
upper levels,ite deep clouds maintained atelelopedafter the sunset (around 060000 UTC)

are therefag not likelycaused by the local-A interaction. Insteadf is mainly due to theloud
movementespecially from west, which is the dominant wind direction in this redibis cloud
moving patternclearly affect both regions in the evening from 2200C to 0800 UTCandthen
produce the nighttime precipitationlt should be noted that some shallow clouds started to form
startingabout 0300 UTGnd lasted uil the afternoonOver the wet region, this shallow cloud
showed a gradual increase and de@eeithin about 6 hours around 0600 UTC, which perfectly
match withthe nighttime precipitation Therefore, the nighitne precipitationpeak in the wet
regionis likely due toboth the deeadvectedclouds andhe shallow clouds. Although thiand
seems sli decouple from atmosphere witlCL deficit above 300m after sunset, the decrease of
LCL deficit and the nearly constant boundary layer height indicate a decrease in LCLnehith
the air just above the top of boundary layer might condense with tipertature dropo form the
shallow cloudsThis is consistent with the larger increaseloud fraction near 900 hPa over the
wet region (5%)where the temperature is lowarthe dry region (2%)Iin addition, the low level
(850 hPa) geopotential field #so checked to seetliereareotherinteractions It is found that
the low-pressure system is very common in or near the study regiamg the nigh(Fig. 4-53).

This strong pressure gradieadceleratethe air movement, which on one hasalild cause fronts

to lift the warm air and form the clouasor near the study regi@ndmake it easier for clouds to
pass bythe region These commonly occuting low-pressure systesisometime work together with
high pressure systems nearby detome a strong forcing toovethe shallow cloudgormedin

nearby regiosduring theentirenighttime andinto the morning.
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Figure 4-3:

Diurnal cycle of LA relating variables on PLC days in-@if: (a) hourly precipitation; (b) relative soil moisture; (c)
2m temperature; (d) 2m vapor mixing ratio; (e) latent heat flux; (f) sensible heat flux; (g) bouaganhkight; (h)
LCL deficit.

For the morning precipitatiooverthe dryregion there is aconnecion between dry soils anah
increa® in clouds inthe mid-to-high levels (306600 hPa in Fig4-4b) from 0800 UTC to 1800
UTC. Similarly, the lowpressure system is again found but more in the middle and upper levels
during this time at locations in or to the south of the dry region &%dp). Again, this cyclonic

wind in the middle and upper levalansport or lift warm air from south into the dry region and

is instrumental in forminghe morningprecipitation In PLC days, these upper cyclone patern
mainly occurred in the south of the domain, which have less influence in the wet hegidaition

to the upper level, there is an increasehe cloud fraction in low level from 1200 UTC to 1800
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