UNIVERSITY OF OKLAHOMA

GRADUATE COLLEGE

ASSIMILATION OF CASA AND WSR-88D RADAR DATA FOR TORNADIC
CONVECTIVE STORMS USING AN ENSEMBLE KALMAN FILTER AND

APPLICATIONS IN PROBABILISTIC ENSEMBLE FORECASTING

A DISSERTATION
SUBMITTED TO THE GRADUATE FACULTY
in partial fulfilment of the requirements for the
Degree of

DOCTOR OF PHILOSOPHY

By

NATHAN A. SNOOK
Norman, Oklahoma
2011



ASSIMILATION OF CASA AND WSR-88D RADAR DATA FOR TORNADIC
CONVECTIVE STORMS USING AN ENSEMBLE KALMAN FILTER AND
APPLICATIONS IN PROBABILISTIC ENSEMBLE FORECASTING

A DISSERTATION APPROVED FOR THE
SCHOOL OF METEOROLOGY

BY

Dr. Ming Xue, Chair

Dr. Alan Shapiro

Dr. Jerry Brotzge

Dr. Phillip Chilson

Dr. Mark Yeary



© Copyright by NATHAN A. SNOOK 2011
All Rights Reserved.



Acknowledgements

Financial support for the research contained within this diseertatas
provided by the Engineering Research Center (ERC) for Collaberéttaptive
Sensing of the Atmosphere (CASA) through NSF grant EEC-0313747.
Supercomputing resources were provided by the Center for AnahgiBradiction
of Storms, the OU Supercomputing Center for Research and EducatiQER)S
and the National Institute for Computational Sciences (NICS) oim #raken
supercomputer.

| owe a great deal of thanks to my colleagues in CAPS. H t@ishank Dr.
Jerry Brotzge, who provided me with CASA radar data and gave méaiia
advice in processing it; and Dr. Youngsun Jung, who offered countleghtsgito
the inner-workings of the ARPS EnKF system, and helped to giegihpve journal
publications based on the work contained herein. Finally, | would likeatdktmy
graduate advisor, Dr. Ming Xue, for his continued support and guidance.

Though | benefitted immensely from the wisdom of numerous profeasor
mentors throughout my college career, there are a few individualsstahd out
among the rest to whom | wish to express my gratitude here.DrTWilliam
Gallus, thank you for introducing me to meteorological research andiging me
to pursue graduate study. To Drs. Lance Leslie, David Stensrud,|am&hapiro,
thank you for the knowledge and experience you imparted to me doerapurses |
took with you which was invaluable in my dissertation research, angbtorsound

scientific and professional advice.



To conclude, | wish to acknowledge a few of the many family aedds
who have supported me. Thank you to Mom, Dad, and Damien, for always being
there for me. Thank you to Dan Dawson and Corey Potvin for many, despy
and interesting discussions, both work-related and otherwise. Thanto yobin
Tanamachi for your loyal friendship and insightful advice, both psafesl and
personal. Thank you to Daniel Wilson and Mark McCarthy—the many ry®ni
we spent conversing, joking around, and playing games helped keepnmersd
happy through the challenges and stresses of doctoral study. Tatyefnends |
have made as we worked together towards our graduate degraksydhdor many
happy times together; Aaron Botnick, Esther White, Kevin GoebBead Barrett,
Andy Taylor, Chad Shafer, and many, many others. Finally, thankoyduaura
Kanofsky, for (among many things) your continual support, understandimg,

advice.



Table of Contents

18 = = o = PP [
SIGNALUIE PAJE ..ottt e e e e e e e e e e e ee e e et ba bt e e e e e e e e e e e eaeeeeeeeennene i
(@0] o) Y/ Te ] o 10 =T [PPSR iii
F ol LoV F=To (o =T 0 =T o £ SESP v
Table Of CONIENLS ... . e as Vi
LISt O TADIES ...t e e e e e e e e eees viii
S o T S IX
Y 0111 = Vo U PPPPPTPUPUPPURRT XVii
Chapter 1: 11 oo {1 o3 1o o [ 1
1.1 Motivation and Background ..............oeuiiiiiiiiiiii 1
1.2 OVRIVIEW ...ttt e e e e e e e e e e e e e e bbb bbbttt e e et eeeaeeaeeeeeeeeseaanaanes 5
Chapter 2:  Methodology and TOOIS .........uueeiiiiiiiee e e e e e 8
2.1 The CASA PIOJECT ...ttt e e e e e e e e e e e e e e e eeeeesneees 8
2.1.1 CASA: AN OVEIVIEW ...ttt ettt a e e e e e 8
2.1.2 Radar SPeCIfiCAtIONS ......uuiiiiieeeeeeeie it e e e e e e e e 10
2.2 The ARPS NWP MOEI ......ccooiiiieiiiiie e 12
2.3 The ensemble Kalman filter for meteorological data assimilation................ 14
2.3.1 Data assimilation using EnKF techniques ............ccccovvvivviiiiiiiiiciiieee e, 14
2.3.2 The ARPS ENKF SYSIEM .....coiiiiiiiiiiiiiiiiie et 16
2.4 Ensemble-based Probabilistic Forecasting TOOIS ........ccoeeviiieiiiiiiiiiiiiiiiiiiines 17
Chapter 3: 8-9 May 2007—EnKF Radar Data AnalysSiS ........ccccoeeeeeieiiiiiieeiiiiiininnnns 21
3.1 An Overview of the 8-9 May 2007 Tornadic MCS.............coooviiiiiiiiiiiinneennn. 21
3.2 Radar Data Assimilation Study: Data, Methods, and Goals...........ccc.c.......... 25
3.3 Radar Data Assimilation RESUILS .........uuiiiiiiiiii e 32
3.3.1 Impact of assimilating CASA data.........ccoeeereeeiiiiiiiiiiiiii e 34
3.3.2 Impact of using a mixed-microphysics ensemble.............cccceevvvvvvirinnnns 50
Chapter 4: 8-9 May 2007—Forecasts from EnKF Radar Analyses.............cccc..o.e. 56
4.1 Forecast experiment setup and deSIgN ........uuuvereuiiiiiiiiiee e 60

Vi



4.2 Deterministic forecast eXperimentS..........cooiviiiiiiiiiiiiiiiiiie e 63

4.2.1 Deterministic predictions of radar reflectivity ...........cccccceeeeeiiiiiiiiiiinninn, 64
4.2.2 Evolution of the MCS and LEV in the deterministic forecasts............... 71
4.2.3 Effects of microphysical parameterization in deterministectsts .... 75

4.3 Ensemble and probabilistic forecasts...........ccccvvvvvvvviiiiiiiiiie e 78
4.3.1 Probability-matched ensemble mean radar reflectivity ...........ccccooveeee. 78
4.3.2 Probabilistic reflectivity forecasts...........uuviiiiniiiiiiiiiiiie 81
4.3.3 Bias and error in the ensemble forecasts...............coovvviiiiiiiiiiiiiieeccen 95
4.3.4 Impact of microphysics on ensemble reflectivity forecasts.................... 98
4.3.5 Ensemble and probabilistic forecasts of tornadic mesovortices ........... 101

Chapter 5: 8-9 May 2007—Nested-Grid EnKF Analysis of Conventional and Radar

Data and Comparison With 3DVAR .......ccoiiiiiieerrr e 107
5.1 Data and Methodology ..........cuuuuuuuiiiiiiiiiii e eeeeeeees 107
5.1.1 MOl SEIUP ...t e e e e e e e e 108
5.1.2  EXPEeriment DESIGN........eiiiiiieeeeeeiieeeeieeeitiiiess s e s e e e e e e e e e e e eeeeeennannnnnn s 109
5.2 ANAIYSIS RESUILS ... 118
5.3 Ensemble Forecast RESUILS..........coooiiiiiiiiiiiiiii e 123
5.3.1 Impact of Radar Data Assimilation............cccceevveeiiieeeiiiiiiiieen 126
5.3.2 IMpact Of CASA DAt@.......ccoeeiiiiiiiiiiiiiieie e 136
5.3.3 Impact of Microphysical Variations ...............uuuuuuiiiiiinnneeeeeeeeeeeeeeeeiinns 143
5.3.4 Impact of Assumed Observation EITOr ...........ccccceevevvvieeeiiiiiiiiiieee e 151
5.3.5 Biases in the Ensemble FOrecasts ............oouuuuiiiiiiiiiiiiin e, 157
5.3.6 Ensemble Forecasts of MESOVOItICES .........cccoviiiiiiiiiiiiiiiiiiieee e 162
5.4 Comparison to 3DVAR-based Forecast Results..............uvvviiiiiiiiineeeeeennn, 166
Chapter 6:  DIiSCUSSION aNA SUMMIAIY .....uuuuiniiieeeeeeeeeeeeeeeeeeeeesiiinnaeaseeeeeeeeseeeeennnnnes 177
6.1  Summary Of RESUILS ........ccooiiiiii e 177
6.1.1 Single-grid EnKF Analysis of Radar Data...........ccccccceeeeiiieiiiieeeeeeeeee, 177
6.1.2 Single-grid Deterministic and Ensemble Forecasts ............ccccceeeeevneee. 179

6.1.3 Nested-grid Experiments Assimilating Conventional and Radar Data. 181
6.2 Concluding Remarks

References

Vil



List of Tables

Table 2.1: Specifications of the radars used in the CASA raestbed in
southwestern Oklahoma, along with corresponding specifications of thatiopal
WSR-88D radar network maintained by the National Weather Service. ................... 10

Table 3.1: Summary of experiments for the radar data assonilatid ensemble
forecast studies presented in chapters 3 and 4. ........cooiiiiiiiiiiiiie 28

Table 3.2: List of radars used for the single-grid radar data assimilaitn s...... 29
Table 5.1: Summary of the inner-domain experiments presented in chapter 5. ....... 113
Table 5.2: Assumed observation error magnitude for conventional observations.... 115

Table 5.3: Comparison of similar experiments from this studyim@thenkman et
=L 24 0 5 ) PP PP 167

List of Figures

Fig. 2.1: Locations of the 4 radars in the CASA radar testbdd.km range rings
are shown in black. Also shown are the locations of the nearest BR-88D
radars; KFDR near Fredrick, OK, and KTLX east of Moore, OK, aliig 30 and
60 km range rings. Counties, cities, rivers, and major highways are shown. ............ 9

Fig. 2.2: Diagram of one CASA scan cycle. Sector scansemi@et by the shaded
sectors for each radar. Scanning strategy was adaptively dmobest scan tasks
generated from the observed meteorological features, shown in color....................... 11

Fig. 3.1: Locations of tornadic activity associated with the 8-9 R7 convective
system. CASA radars are indicated by black squares; 40 knAC#&&ye rings are
indicated in gray. Oklahoma counties are shown in black and labeleshfirrged
tornadoes the forecast period (0200 UTC to 0500 UTC, 9 May 2007) are iddiyate
black triangles with the time of occurrence noted (all tintesve are for 9 May
2007). The tornadoes reported at 0354 and 0443 UTC were of EF-1 intensiy
enhanced Fujita scale; the tornado reported at 0426 UTC was of EF-0 intensity. ..... 22

Fig. 3.2: Composite radar reflectivity mosaic (dBZ) as obseryad/ 8R-88D radars
KAMA, KDYX, KFWS, KLBB, and KTLX at (a) 0000 UTC, (b) 0100 UTC, (c)

0200 UTC, (d) 0300 UTC, (e) 0400 UTC, and (f) 0500 UTC, 9 May 2007. 30 km
CASA radar range rings are included for reference. Urban bdeadae shown in
100 = RS OUPPPPPPRI 24

viii



Fig. 3.3: Forecast domain used in the 2km horizontal resolution radar dat
assimilation experiments for the 9 May 2007 case. Terrain haigimeters above

mean sea level, is indicated by the grayscale shading. 40 knA Ga#dar range

rings are included for reference. The black box closely enclabm@ASA IP-1

radar network denotes the extent of the CASA subdomain used inatialicubf
updraft mass flux presented in Fig. 3.9. ... 26

Fig. 3.4: Composite radar reflectivity (dBZ) of the finabdysis state at 0200 UTC 9

May 2007 for (a) CNTL, (b) NoMMP, and (c) NoCASA; also (d) compgosiidar
reflectivity mosaic (dBZ) observed by WSR-88D radars KAMKDY X, KFWS,

KLBB, and KTLX at 0200 UTC 9 May 2007. 30 km CASA radar rangesrizg
INClUdEd fOr FEIEIENCE. ... e e e e e e e eeeenees 33

Fig. 3.5: Plots of radar reflectivity (color-shading) and the Zworial wind field
(vectors) at 1 km above ground level for the final analysissstt€a) CNTL, (b)
NoMMP, and (c) NoCASA at 0200 UTC. 30 km CASA range rings a@ stiown
Lo (=1 (=T =] 0[SO PPPPPPPPRI 35

Fig. 3.6: Time-height plot of maximum vertical vorticity (sf@) the forecast (a) and
analysis (b) of CNTL, and the forecast (c) and analysi®f{dNoCASA during the
analysis period. Time is denoted in seconds since forecastiZatiiah and ranges

from 3900 s (01:05 UTC) to 7200 s (02:00 UTC). Height is shown in kilometer
ADOVE GroUNd [EVEL ... ————— 36

Fig. 3.7: Radial velocity for the 0140 UTC at the 2 degree elevédipas observed

by CASA radar KCYR, and simulated from the 0140 UTC EnKF analgéd€b)

CNTL and (c) NoCASA. The arrows highlight the circulation in tegion of the
tOrNAdO-WarNed MESOVOIEX. ... coiiei e e e eeieeeeeeee ettt e e e e e e e e e e et bbb e e e e e e e e e e eeeeas 38

Fig. 3.8: Horizontal winds (barbs) and potential temperature (dhaatethe first
model level above the surface near CASA radar KCYR for the 0140 &si€mble

mean analysis in (a) CNTL and (b) NoCASA . The position ofuat dront
associated with the embedded mesovortex is indicated. Also shown) dtdl-
resolution radial velocity observations from the 2° elevation of CA&Rar KCYR
shortly before 0140 UTC. The gust front position indicated by the radiatity
observations is indicated by the yellow line. ..., 39

Fig. 3.9: (a) Total updraft mass flux profiles within the CASA subdomain (as denoted
in Fig. 3.3a) at 0140 UTC for experiments CNTL and NoCASA. Hisiogr of
vertical velocity exceeding 4 mi*swithin updraft regions in the CASA subdomain
are plotted for (b) CNTL and (€) NOCASA. ... 41

Fig. 3.10: Average root-mean-square (RMS) innovation (solid lines) amhdspr
(dotted lines) of radial velocity (in m/s) for each of the 5 WEE® and 4 CASA
radars for experiments CNTL (black lines) and NoCASA (diags) calculated



every 5 minutes during the assimilation period. The assimilatioadokasts from
01:00 UTC (3600 seconds of forecast time) to 02:00 UTC (7200 seconds okforeca
L1100 1= TR RS URPPPPPPRTI 43

Fig. 3.11: As Fig. 3.10, but for radar reflectivity (in dBZ) instezdfor radial
17 Z=1 (o o | 72 45

Fig. 3.12: Consistency ratio of Z (solid lines) and Vr (dotted Jifm@sthe 4 CASA
radars and the 2 WSR-88D radars nearest to the CASA radaorkeitoy CNTL
(black lines) and NoCASA (gray lines) calculated every 5 minuka@sng the
assimilation period (0100 to 0200 UTC). The thin black dashed line teditlhe
theoretically-expected consistency ratio defined in equation (3.2)...........cvvvvveeiiinnnnn. 47

Fig. 3.13: As Fig. 3.10, but for experiments CNTL (black lines) and N&MNitay
LTSS TSR 51

Fig. 3.14: As Fig. 3.13, but for experiments CNTL (black lines) and NoMi#&y
LTSS TSP 52

Fig. 3.15: As Fig. 3.12, but for experiments CNTL (black lines) and NoMt&y
LTSS PSRRI 54

Fig. 4.1: Storm Relative Velocity as observed by the 1.5 degje@tion scan of
WSR-88D radar KTLX at 04:00 UTC (upper left), 04:20Z (upper right), and004:
UTC (lower left). Urban and county boundaries are shown. ..........cccccceeeeeiiiiiiiienenn, 59

Fig. 4.2: Forecast domain used in forecast experiments for the 92Ma% case
initialized from analyses obtained in the experiments presemeGhapter 3.
Terrain height, in meters above mean sea level, is indicatdtelgrayscale shading.

40 km CASA radar range rings are included for referencee black box in the
northeast portion of the domain denotes the extent of the forecaBtarem
subdomain used in calculation of forecast skill SCOres. ..........ccccevvvvviiviiiiiicciiciee e 62

Fig. 4.3. Forecast diagram detailing the analysis and forecaxsvdp for
experiments CNTL, NOMMP, and NOCASA. ...t 63

Fig. 4.4: Forecasts of reflectivity (shaded) and winds (vecatrsj)odel grid level 10
(approximately 2 km above ground level) for CNTL at (a) 03:00 UTL04e00
UTC, and (i) 05:00 UTC; NoMMP at (b) 03:00 UTC, (f) 04:00 UTC, and (jp05:
UTC; and NoCASA at (c) 03:00 UTC, (g) 04:00 UTC, and (k) 05:00 UTGoAI
shown is reflectivity as observed by the WSR-88D network, integmbka the same
model grid level at (d) 03:00 UTC, (h) 04:00 UTC, and (I) 05:00 UTC. ................... 66

Fig. 4.5: Time-series of equitable threat scores (ETSs) aetdéclibetween a mosaic
of WSR-88D reflectivity observations and deterministic forectista experiments
CNTL, NoMMP, and NoCASA at vertical grid level k = 10 (approxiehat2 km



above ground level) for thresholds of (a) 25 dBZ and (b) 40 dBZ.cu@éibns
performed over the verification sub-domain indicated by the black outline in Fig. 4.2.68

Fig. 4.6: Time-height plot of maximum vertical vorticity'Jswithin the forecast
verification sub-domain (depicted by the black outline in Fig. 4.2nduhe forecast
period for deterministic forecasts of (a) CNTL, (b) NoMMRd&c) NoCASA. Time

is denoted in seconds since forecast initialization and ranges 7@t s (0200

UTC), which corresponds to the end of the analysis period, to 18000 s (0%0 U
Height above the surface is shown in kilometers. ...........ccooooiin 73

Fig. 4.7: As Fig. 4.6 but for maximum updraft velocity (M.S.......c.cccecvvvrvrenenne. 74

Fig. 4.8: Deterministic forecasts of reflectivity (shadedd winds (vectors) at
model grid level 10 (approximately 2 km above ground level) at 050Q tbr
experiments (a) CNTL-L, (b) CNTL-W, and (c) CNTL-N. Alsdwosvn: (d)
reflectivity as observed by the WSR-88D network at 0500 UTC integubka the

same model grid level. The purple box in each panel indicatesppirexamate
location of the observed line-end vortex at 0500 UTC. ..........uuviiiiiiiieiieeeeeeeeeeeeeeeinenns 77

Fig. 4.9: Probability-matched ensemble mean forecasts ottieftg (shaded) at
model grid level 10 (approximately 2 km above ground level) at (@) UTC, (e-

g) 0400 UTC, and (i-k) 0500 UTC for CNTL, CNTL_LIN, and NoMMP. Also
shown is reflectivity observed by the WSR-88D network, interpolatetiecsame

model grid level at (d) 0300 UTC, (h) 0400 UTC, and (l) 0500 UTC. Thercent

the line-end vortex in the observations is indicated by the bladkemiaxr panels (d),

() = L o X () PR 80

Fig. 4.10: Neighborhood ensemble probabilities (shaded) of refleatixttyeding 25

dBZ, P[Z > 25 dBZ], at model grid level 10 (approximately 2 km above the
surface), in an area surrounding the CASA domain, for CNTL &23@) UTC, (b)

0400 UTC, and (c) 0500 UTC, CNTL_LIN at (d) 0300 UTC, (e) 0400 UTC, and (f
0500 UTC, and NoMMP at (g) 0300 UTC, (h) 0400 UTC, and (i) 0500 UTC. The
25 dBZ radar reflectivity contours observed by the WSR-88D ratitihhe same time

F= TSR Al oTo] [0l o] F=Tod Qoo o1 (0 10 | £ 83

Fig. 4.11: As Fig. 4.10, but for[Z > 40 dBZ] and the 40 dBZ radar reflectivity
(070] 01 (0 1 | PP 84

Fig. 4.12: ROC skill score for 1-, 2-, and 3-hour forecasts ofr nediectivity at the
25 dBZ threshold on vertical grid level k = 10 (slightly more than 2akwve mean
sea level) calculated over (a) the entire horizontal model doamin(b) the ETS
verification subdomain as depicted by the black outline in Fig. 4.2.............ccceeeeee 86

Fig. 4.13: RMS innovation and ensemble spread of radar reflectoritthree sub-
ensembles, each containing members using the same microplsgsieme, within

Xi



the CNTL experiment. The sub-ensembles consist of (1) the 16 émbers, (2)
the 16 WSM-6 members, and (3) the 8 NEM members within CNTL, respectively. 87
Fig. 4.14: As Fig. 4.12 DUt fOr BrEr SCOME. .....uuuuuuiiiiiieeeeee ettt 88

Fig. 4.15: Spaghetti plots of the ensemble forecasts of the 25atZ reflectivity
contours on model grid level 10 (approximately 2 km above the surfate¢ iarea
surrounding the CASA domain for CNTL at (a) 0300 UTC, (b) 0400 UTC, gnd (c
0500 UTC; CNTL_LIN at (d) 0300 UTC, (e) 0400 UTC, and (f) 0500 UTC; and
NoMMP at (g) 0300 UTC, (h) 0400 UTC, and (i) 0500 UTC. Contours for
individual ensemble members are shown as thin gray lines; thosehéor
deterministic forecasts initialized from the ensemble me&2@® UTC are in thick

gray lines. The 25 dBZ radar reflectivity contour observed by WH&R-88D
network at the corresponding time is indicated by the thick, black contour............... 93

Fig. 4.16: As Fig. 4.15, but for the 40 dBZ radar reflectivity contours. ..................... 94

Fig. 4.17: Domain-wide histograms of reflectivity intensity @nsemble forecast
experiment CNTL in the initial ensemble state and during theus-forecast period.
Shown are WSR-88D observations interpolated to the model grid ¢lefihn), the
ensemble mean (center column), and individual ensemble members nedniajiz
the size of the ensemble (right column). The vertical axicatels the number of
model grid volumes (in thousands) containing reflectivity of a given intensity.96

Fig. 4.18: Ensemble mean horizontal winds (barbs) and potential teorperat
(shaded) in CNTL at model grid level 10 (approximately 2 km abowengk level) at
(@) 0300 UTC, (b) 0400 UTC, and (C) 0500 UTC. ....cuvreeiiiiiiiiieeeeaiiiiieeee e e siinieeeee e 97

Fig. 4.19: RMS innovation of radar reflectivity during the forecastiogefor
ensemble forecasts CNTL (left) and CNTL_LIN (right). Thesemble mean
forecast is indicated by the thick, solid black line, while the prdibabatched
ensemble mean forecast is indicated by the dashed black lihe. thih gray lines
indicated innovation within individual ensemble members, with differerdeshaf
gray used for members using differing microphysical parametenezathemes. .... 99

Fig. 4.20: Ensemble-based forecast pfdw-level circulation with vertical vorticity

{> 0.02 § within 25 km of a poink for CNTL at (a) 0300 UTC, (b) 0400 UTC, and

(c) 0500 UTC; NoMMP at (d) 0300 UTC, (e) 0400 UTC, and (f) 0500 UTC; and
NoCASA at (g) 0300 UTC, (h) 0400 UTC, and (i) 0500 UTC. The triangles
the reported locations of the tornadoes reported at 0354 UTC (in pahdld)(and

(9)), at 0426 UTC (in panels (b), (e), and (h)), and at 0443 UTC (ingérel(f),

=L o () ) TSP 102

Fig. 4.21: Locations of significant (vertical vorticify> 0.02 &), discernible, low-
level (grid level 10, approximately 2 km above the surface) mewvoenters for
all ensemble members at 0400 UTC in experiments (a) CNTINEMMP, and (c)
NoCASA. Individual members are coded by microphysical type; memiseng

Xii



Lin microphysics are marked “L”, members using WSM6 micropsyare marked
“W”, and members using NEM microphysics are marked “N”. &hsemble mean
vortex location is marked “EM”. The location of the EF1 tornado tepaat 0354
UTC is marked by the black triangle. ... 105

Fig. 5.1: Geographic extent of the outer domain with 6 km horizordalutgon
the nested domain with 2 km horizontal resolution (represented bittkeblack
box in the center of the figure) used in experiments presented pieClta CASA
IP-1 radar 30 km range rings and 60 km range rings for WSR-B8®KTLX and
KFDR are included fOr refereNCe. .........uuveiiiiiiiiiieieeeee e 109

Fig. 5.2: Observations used in the three experiments describedsirchtapter
performed on the 2 km horizontal resolution domain. Locations of Oklahoma
Mesonet sites are indicated by open squares, locations of AB&Sby filled
triangles, and locations of wind profilers by open diamonds. The dottedaid

black circles represent 60 km and 180 km range rings of WSR-88D s#dda
respectively. The small gray circles indicate 30 km ranugsrof the CASA radar

sites. This figure is adapted, with permission, from Fig. 3acbiekman et al.
20 1 5t PRSP 114

Fig. 5.3: Ensemble mean reflectivity at model level k = 10 (apmately 2 km

above ground level) for the 0200 UTC analyses of the inner-grid exgrasn{panels
(a)-(f)), compared to WSR-88D observations from 0200UTC interpolatedheto t
ARPS grid (panel (g)). The experiment name is included in therloght of each

PANEL. ... e e e e et et e e ettt e a b b e e e e e e e aaeeeeeeearrrannas 119

Fig. 5.4: Comparison of (a) ensemble mean radar reflectivityl@ndrobability-
matched mean radar reflectivity in the 0200 UTC ensemble analyfNNeRAD at
model grid level k = 10 (approximately 2 km above the surface). #iswn are
WSR-88D radar observations, interpolated to the ARPS grid at model level k = 10.121

Fig. 5.5: Radar data observed by WSR-88D radar sites KAMAY XIKFWS,

KLBB, KTLX, and KVNX at (a) 0200UTC, (b) 0300 UTC, (c) 0400 UTC, and (d)
0500 UTC, interpolated to level k = 10 of the model grid used by the-griter
EXPEBIIMEINES. .ttt e e e e e e e e ettt ettt et ittt a e e e e e e e e e e e eeeeeeeeeebbsbana e e e e e e eeeeeeaeeeeeeenrrnes 123

Fig. 5.6: ROC skill score for the ensemble forecast inibaddion (at 0200 UTC)

and for 1-, 2-, and 3-hour forecasts of radar reflectivityhata5 dBZ threshold on
vertical grid level k = 10 (slightly more than 2 km above meanees)|for all six
inner-grid ensemble forecast experiments. Shown are ROC skittss calculated

over (a) the entire horizontal model domain depicted in Fig. 5.1 anthéblETS
verification subdomain as depicted by the black outline in Fig. 4.2.............c........... 125

Fig. 5.7:  As Fig. 5.6 but for Brier SCOre. .......cccoviiiiiiiiiiiiieeeeecie e 125

Xiii



Fig. 5.8: Probability-matched ensemble mean radar reflectwitynodel grid level

k = 10 (approximately 2 km above the surface) for CNTL a08@0 UTC, (b) 0400

UTC, and (c) 0500 UTC; and for NoRAD at (d) 0300 UTC, (e) 0400 UTC, fand (
0151100 1 6 RSOSSN 128

Fig. 5.9: Neighborhood ensemble probabilities (color-shading) of tieftgc
exceeding 25 dBZ, [FZ > 25 dBZ], at model grid level 10 (approximately 2 km
above the surface) for CNTL at (a) 0300 UTC, (b) 0400 UTC, and (c) 05@) U

and for NoRAD at (d) 0300 UTC, (e) 0400 UTC, and (f) 0500 UTC. TheB% d
radar reflectivity contour observed by the WSR-88D radar netwdrktha
corresponding time is indicated by the bold black contours. Urbas are shown

With thin, PUrple CONTOUIS. ......coeeeiieee e e e e e e e e 129

Fig. 5.10: As Fig. 5.9 but for neighborhood ensemble probability calculateglais
threshold of 40 dBZ and the observed 40 dBZ cONtOUr. ........ccoooveiiiiiiiiiiiiiiiiiiiiiiiins 130

Fig. 5.11: Radar reflectivity at model grid level k = 10 fappmately 2 km above

the surface) for three NORAD ensemble members at 0300, 0400, and 0500 UTC.
Shown are (a-c) NORAD member #3, (d-f) NORAD member #16, and (QRAD
MEMIDET H32. .ttt et e e e e e e e e e e e e e e s e s s a bbb bbb bbb e ee e 132

Fig. 5.12: As Fig. 5.11, but for three typical ensemble members EOML.
are (a-c) CNTL member #3, (d-f) CNTL member #14, and (g-i) CNTL member #30.134

Fig. 5.13: As Fig. 5.8 but for CNTL at (a) 0300 UTC, (b) 0400 UTC, ah@500
UTC; and NoCASA at (d) 0300 UTC, (e) 0400 UTC, and (f) 0500 UTC. .............. 137

Fig. 5.14: As Fig. 5.9 but for CNTL at (a) 0300 UTC, (b) 0400 UTC, (ah@500
UTC; and NoCASA at (d) 0300 UTC, (e) 0400 UTC, and (f) 0500 UTC. .............. 138

Fig. 5.15: As Fig. 5.10 but for CNTL at (a) 0300 UTC, (b) 0400 UTC, ana5@0
UTC; and NoCASA at (d) 0300 UTC, (€) 0400 UTC, and (f) 0500 UTC. .............. 139

Fig. 5.16: RMS Ensemble spread of radar reflectivity on modellgvel k = 10
(approximately 2 km above the surface) for CNTL at (a) 0300 UBYX0400 UTC,

and (c) 0500 UTC; and for NoCASA at (d) 0300 UTC, (e) 0400 UTC, and (f) 0500
UTC. 30 km CASA range rings are shown in black, and urban boundaees a
1o [Tor=1e=To I o T o 0 o] = 0P 141

Fig. 5.17: Difference in RMS Ensemble spread of radar reflectivi model grid
level k = 10 (approximately 2 km above the surface) for (CNTL —ARK) at (a)
0300 UTC, (b) 0400 UTC, and (c) 0500 UTC in a region near and downwind of the
CASA radar network. 30 km CASA range rings are shown in black.................... 142

Xiv



Fig. 5.18: As Fig. 5.8 but for CNTL at (a) 0300 UTC, (b) 0400 UTC, ah@500
UTC; R6 at (d) 0300 UTC, (e) 0400 UTC, and (f) 0500 UTC; and PERT) 85D
UTC, (h) 0400 UTC, and (i) 0500 UTC. ...vevveereereeeeeeeeeeeeeseeereesesseeseeseesesesessesneeee 145

Fig. 5.19: As Fig. 5.9, but for CNTL at (a) 0300 UTC, (b) 0400 UTC, and5@e0
UTC; R6 at (d) 0300 UTC, (e) 0400 UTC, and (f) 0500 UTC; and PERT) &8
UTC, (h) 0400 UTC, and (i) 0500 UTC. ...vevveeereereeeeeeeeeeeeeseeeseesesseseeseesesesessesneeee 146

Fig. 5.20: As Fig. 5.10 but for CNTL at (a) 0300 UTC, (b) 0400 UTC, ana5@0
UTC; R6 at (d) 0300 UTC, (e) 0400 UTC, and (f) 0500 UTC; and PERT) 85D
UTC, (h) 0400 UTC, and (i) 0500 UTC. ...vevveereereeeeeeeeeeeeeseeeseesessesseseesesesesseeseseeeee 147

Fig. 5.21: As Fig. 5.11, but for three typical ensemble members RP&RT.
are (a-c) PERT member #3, (d-f) PERT member #11, and (g-i) PERT member #35.149

Fig. 5.22:  AS Fig. 5.17, DUt for (CNTL = PERT)...veeveeveeeeeeeeeeseeeeeeeseseessessseeenesnes 150
Fig. 5.23: As Fig. 5.8 but for CNTL at (a) 0300 UTC, (b) 0400 UTC, aph@500

UTC; and CNTL_LOW at (d) 0300 UTC, (€) 0400 UTC, and (f) 0500 UTC. ........ 152
Fig. 5.24: As Fig. 5.9 but for CNTL at (a) 0300 UTC, (b) 0400 UTC, ah@500

UTC; and CNTL_LOW at (d) 0300 UTC, (€) 0400 UTC, and (f) 0500 UTC. ........ 153
Fig. 5.25: As Fig. 5.10 but for CNTL at (a) 0300 UTC, (b) 0400 UTC, ana5@0

UTC; and CNTL_LOW at (d) 0300 UTC, (€) 0400 UTC, and (f) 0500 UTC. ........ 154
Fig. 5.26: AS Fig. 5.17, but for (CNTL — CNTL_LOW). c..vrveeveeeeeeereeeeee e, 155

Fig. 5.27: Domain-wide histograms of reflectivity intensitydNTL at 0200, 0300,

0400, and 0500 UTC. Shown are WSR-88D observations interpolated to the model
grid (left column), the ensemble mean (center column), and individuaimndes
members normalized by the size of the ensemble (right columme vdrtical axis
indicates the number of model grid volumes (in thousands) containingtirgfieof

o0 (A Z=T T 0] (T S Y2 159

Fig. 5.28: As Fig. 5.27 but foOr NORAD. .....oiiiiii i 161

Fig. 5.29: Probability of significant low-level vortices within 25 laha point at
0400 UTC for (a) CNTL, (b) NoCASA, (c) NoRAD, (d) PERT, (e) R6, &hHd
CNTL_LOW. 30 km CASA radar range rings are shown. The pofidine EF-
tornado reported beginning at 0354 UTC is indicated by the black star................... 163

Fig. 5.30: 0350 UTC 9 May 2007 (a) observed reflectivity (shaded, dBZ) and
forecast reflectivity (shaded, dBZ), and horizontal wind vectors-Ijnfrom
experiments (b) NORAD, (c) 88DONLY, and (d) CASAVrZ of Schenknearal.
(2011). Reflectivity is plotted on vertical model grid level 7 (approxim&t&B0 m

XV



above the surface). The “L” in panels (a), (c), and (d) marksapipeoximate
observed location of the line-end vortex at 0350 UTC. This figurepisnted with
permission from Fig. 11 of Schenkman et al. (2011). ..., 171

Fig. 5.31: 0400 UTC 9 May 2007 (a) observed reflectivity (shaded, dBZ) and
forecast reflectivity (shaded, dBZ), and horizontal wind (barbs) fesmaemble
member #35 of experiments (b) NORAD, (c) NoCASA, and (d) CNTReflectivity
is plotted on vertical model grid level 7 (approximately 1100 m aliovesurface).
The “L” in panels (a), (c), and (d) marks the approximate obseneadidbn of the

line-end vortex at 0400 UTC. ....oooiiiiiiiiiiiiiit ettt 172
Fig. 5.32: As Fig. 5.30, but at 0450 UTC 9 May 2007. This figure isntegr

permission from Fig. 13 of Schenkman et al. (2011). ..., 174
Fig. 5.33: As Fig. 5.31, but at 0500 UTC 9 May 2007. .......cccuvrrrrrrriiiiireeieeeeeeeeenn 175

XVi



Abstract

Two sets of experiments are performed to examine the ability ofra-stale
numerical weather prediction (NWP) model to predict precipitaand meso-
vortices within the tornadic mesoscale convective system {(MI@&S® occurred over
Oklahoma on 8-9 May 2007, when the model is initialized from ensenddla&t
filter (EnKF) analyses assimilating conventional and/or radarreésens. Radar
data from multiple networks are assimilated, including data flemXi-band radar
network of the Engineering Research Center for Collaborative angptide&ensing
of the Atmosphere (CASA) and the WSR-88D S-band radar network. irShedt
of experiments uses an independent ensemble for each experimenthe/isiézond
set nests each ensemble experiment within an outer-grid ensémigeovide
variation in initial and boundary conditions. A variety of ensembleigordtions
are used during the analysis and forecast to evaluate the iofpassimilation of
CASA and WSR-88D radar data, variation within the data assionlaystem, and
variation of the model, including changes to the model microphysics.eath
experiment, radar data and/or conventional weather observations (aeeswvind
profiler, and upper-air observations) are assimilated everyrtes for 1 hour.
Ensemble forecasts are then performed and probabilistic foproasicts generated,
focusing on prediction of radar reflectivity (a proxy of quantitapvecipitation) and
meso-vortices (an indication of tornado potential). This work is ft&t f

assimilating real CASA data into a NWP model using EnKF.
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While the assimilation of WSR-88D data alone is able to prodace
reasonably accurate analysis of the convective system, adBIICASA data in
addition to WSR-88D data improves the representation of storm-Gicalgations,
particularly in the lowest few kilometers of the atmosphereyvasenced by analyses
of gust front position and comparison of modeled and observed radial velocity
Assimilating CASA data decreases RMS innovation of the resutnsgmble mean
analyses of radar reflectivity, particularly in early askition cycles, suggesting that
assimilation of CASA data allows the EnKF system to more qu@&g&hieve a good
result. Use of multiple microphysics schemes in the ensembtengd data
assimilation is found to alleviate under-dispersion by increasing the elesgpnéad.

For the single grid experiments, the ensemble assimilatiray fdan both
CASA and WSR-88D radars and using a mixed-microphysics enseiumthg data
assimilation produces the best probabilistic meso-vortex forecése the best
meso-vortex forecast of the nested grid experiments is producédgebgnsemble
using an increased rain intercept parameter. Both of these ldasepredict
maximum probabilities of greater than 0.65 of a significant nedace vortex, with
the highest probabilities clustered tightly around the locatiotheftornadic meso-
vortex observed at 0400 UTC. Use of multiple microphysics schentlem \the
ensemble aims to address at least partially the model physicertainty and
effectively plays a role of flow-dependent inflation (in preciypaia regions) during
EnKF data assimilation.

Sensitivity to the assumed observation error used during EnKF data

assimilation is noted in the nested-grid experiments. Experinusittg assumed
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observation errors of 2 mgor radial velocity and 3 dBZ for radar reflectivity are
found to produce substantially better ensemble forecasts (both itatjualstructure
and in quantitative skill score analyses) than an experiment lesirey values of
assumed observation error. The forecast ensemble assimdatynwgonventional
data performs substantially worse than those ensembles asegnikdar data, but
still retains useful skill (verified using the relative operg characteristic skill score)
throughout the 3-hour forecast period. Though a bias toward strpreggpitation
is noted in the ensemble forecasts, all experiments produce skittibabilistic
forecasts of radar reflectivity on a 0-3 hour timescale aduated by multiple
probabilistic verification metrics. Though only a single casgtudied herein, these
experiments represent an important step toward an operational liag€B-ensemble
analysis and probabilistic forecast system to support convectle-searn-on-

forecast operations.
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Chapter 1: Introduction

1.1 Motivation and Background
Accurate prediction of individual deep, moist convective storms is otfeof

major challenges of modern numerical weather prediction (NWRPg¢search and
operational settings. Fully resolving all important storm-scatilations is very
expensive from a computational standpoint. In addition, most existire Vg
networks are quite sparse relative to the spatial scale dfote being predicted,
and offer incomplete observational coverage in both physical and garaspaces.
These challenges are then compounded by uncertainties and witlirs NWP
models. As computational power continues to increase, and as nevesajition
observing platforms, such as densely networked X-band raslataughlin et al.
2009), are deployed to address the issues described above, a new chadkenge
arisen: assimilating data from multiple observing system$etst estimate the
current state of the atmosphere and initialize storm-scale NWP models.

Because convective-scale errors generally grow very quicklse(iz 1969), it
is vital to obtain the best possible estimate of the atmosphatecfser NWP model
initialization, ideally accompanied with an estimate of the dagdy. While
objective analysis can often be used for the purpose of obtairgndded analysis
when observed and state variables are the same, remote sengorgnplauch as
radar and satellite do not directly observe most state variahksessitating
advanced data assimilation methods able to ‘retrieve’ stateblewmiaot directly

observed. Such methods usually take advantage of physical laws linkimgs\state



variables and/or utilize information contained in observations takedifferent
times. They also try to obtain the “optimal” state estimatiprialking into account
errors associated with various sources of information. Four-dimensianational
data assimilation (4DVAR) directly uses the numerical modgréwide constraints
among the estimated state variables, while the ensemble Kdiltean(Evensen
1994) utilizes statistical correlations among variables derivad #in ensemble of
predictions to achieve a similar goal.

For convective-scale NWP, the only observing platform currenpalda of
providing spatially and temporally complete coverage of a convesyiseem at a
resolution sufficient to capture storm-scale features is Dopatiar. In the United
States, the National Weather Service (NWS), together withr atblaborating
agencies, operates the WSR-88D radar network (Crum et al. 1993%ticansf 158
S-band Doppler radars. While the WSR-88D network is relativilgiemt at
scanning the precipitating atmosphere, the long-range radars smgphe WSR-
88D network cannot reach the lower troposphere beyond a limited distancéhe
radar site because of the curvature of the earth. Limiteddwel-fradar coverage
presents a problem for convective-scale data assimilation and MAfY; aspects of
storm- and sub-storm-scale dynamics are sensitive to thesmdace atmospheric
state, including the low-level cold pool and its interaction with tiweosnding
environment (e.g., Rotunno et al. 1988; Markowski et al. 2002; Snook and Xue
2008).

To address the near-surface observation problem described above, the

Engineering Research Center (ERC) for Collaborative Adaptivesisg of the



Atmosphere (CASA) was established to develop short-range, netwdkeohd
radars designed to be deployed in close proximity to one andtbheayghlin et al.
2009). Between 2006 and 2011, the primary CASA testbed was located in
southwest Oklahoma and consisted of a network of four dual-polarized X-band
radars with a maximum range of 40 km (Brotzge 2010b). This radaorketvas
located roughly halfway between WSR-88D sites KTLX at Oklahd@itsg and
KFDR at Frederick, OK; a location upstream of the Oklahomar@étropolitan area
during prevailing westerly and southwesterly flow during the wseason. At the
network location, neither KTLX nor KFDR can sample the lowest kitemef the
atmosphere (Xue et al. 2006), maximizing the potential benefit of increasdeMeiw
coverage provided by the CASA radars. A comparison of the keyfispgons of
CASA and WSR-88D radars is shown in Table 1. Despite havingvedatvide
beams compared to WSR-88D, the CASA radars possess such adsagagradial
gate spacing of 100 m, a shorter mean range distance of ohmes\vdtence higher
mean cross-beam resolutions), and a dynamic adaptive scannitegystthat
identifies targets of meteorological interest and chooses anadptombination of
sector scans and full-circle scans at up to eight elevationsatgleaximize the
spatial and temporal coverage of features of greatest interestg8ettal. 2005).
Commonly used methods for assimilating radar data into storm-sBiale
models include the three dimensional variational (3DVAR, e.g., Xa¢ €003; Hu
et al. 2006b), and four-dimensional variational methods (4DVAR, e.g., Sun et a
1991; Sun and Crook 1997, 1998), and EnKF (e.g., Snyder and Zhang 2003; Dowell

et al. 2004a; Tong and Xue 2005b). Compared to 3DVAR, EnKF has the notable



advantage of being able to incorporate multivariate, flow-dependentcevariance,
including cross-covariance, as derived from the ensemble (Ev2088), allowing
effective ‘retrievals’ of state variables from radial o@ty and radar reflectivity
(Snyder and Zhang 2003; Tong and Xue 2005b). Unlike 4DVAR, EnKF does not
require the development of an adjoint model; this development is laleosiné and
the resulting adjoint model often has difficulty handling highly nomlingrocesses.
In addition, ensemble forecasts are believed to be particulapgriemnt for storm-
scale NWP (Xue et al. 2007). EnKF naturally provides a set ofsewlthat in
principle best characterizes the analysis uncertainty; soalyses can therefore
serve as initial conditions for ensemble forecasts.

One important goal of the CASA project is to evaluate the valdebanefit of
data collected by its experimental testbed radars. Prelmresults using the ARPS
(Xue et al. 2000; Xue et al. 2003) Data Analysis System (ADABwBier 1996),
together with its cloud analysis package, for data assimilaBoewster et al. 2007)
show a generally positive impact from the addition of CASAradéa. On 8-9 May
2007, a mesoscale convective system (MCS) with a pronounced line-end vorte
(LEV) developed over southwestern Oklahoma and produced several tornadoes
shortly after moving out of the CASA domain. Schenkman et al. (2011pedtthis
case, using ARPS 3DVAR and a cloud analysis to assimilate G&SANSR-88D
reflectivity and radial velocity data, and demonstrated positiveahgfaCASA data
on the prediction of the MCS. In the studies herein, we apply the ARPS EnKF system
(Tong and Xue 2005b; Xue et al. 2006) to the 8-9 May 2007 LEV event, further

evaluating the impact of CASA radar data, and combining assimilation $AGkta



with WSR-88D radar data and other conventional meteorological obs&vati
(including surface observations, wind profiler observations, and soundings) to
demonstrate the potential of such EnKF analyses for initiadizatf short-timescale
(0-3 hour) deterministic and ensemble convective-scale forecasts.

One of the major goals of the National Weather Service (NW®)da coming
decade is transitioning from the current warn-on-detectionegyato a warn-on-
forecast paradigm for convective-scale severe weather warningdqemgdo, severe
thunderstorm and flash flood warnings) in order to increase watemgdrtime
beyond what is possible with nowcasting techniques alone. Such ansendnea
warning lead-time would allow entities such as hospitals tattitsns sufficient time
to respond in the event of a warning (Stensrud et al. 2009). To adhisvgoal,
reliable short-term (0 — 3 hour) forecasts of meteorologiedifes at the convective

scale will be vital.

1.2 Overview

In the studies herein, we seek to accomplish three major gbpkssimilating
radar data from multiple observation platforms (including WSR-88D aA8AC
radars, surface observations, and upper-air observations) using an ¥si&iR $0
obtain an accurate estimate of the state of the atmosphere deem moist
convective system; (2) using an ensemble storm-scale foiettadized from a set
of EnKF analyses to obtain probabilistic predictions for stormesaatl sub-storm-
scale processes (including mesovortex prediction); and (3) ewgiube impact of

variation in experiment design, including microphysical variationjatian in



assumed observation error, and in particular, the impact of Crafar data on
storm-scale NWP. To achieve these goals, we investigaieageeof a MCS with
embedded line-end vortex (LEV) that spawned three tornadoes nalc®ktahoma
on 8-9 May 2007.

Chapter 2 contains a detailed discussion of the data, numerical nzotki¥ata
assimilation techniques used in this study. We first discusshtracteristics of the
radars used, including both the X-band CASA network and the S-band NBEXRA
network. We then discuss the Advanced Regional Prediction SyaRRS) NWP
model and its EnKF data assimilation system, along with theriexgetal design
applied using ARPS in this study. Finally, ensemble and probabiisgcasting
techniques are introduced and discussed.

In Chapter 3 we begin by introducing the case study examinedh:hére
tornadic convective system of 8-9 May 2007 over southwestern Oklahofna.
overview of the case is presented, followed by a discussionvefeseonvective
storms observed and reported during the event. Observations, includingatedar
taken during the event are interpreted. Next, the experiment desitire 8-9 May
2007 single-grid case study is presented, followed by an in-depth simtusf
analysis results. Results of the EnKF data assimilation gsoaee examined,
considering innovation and ensemble spread statistics and the sgcairdle
resulting reflectivity and wind fields, as well as the intpat CASA data on the
assimilation of a near-surface vortex present during the analysis.period

In Chapter 4, we discuss the results of deterministic and enséonbtasts,

including probabilistic forecast products, initialized from the 0200 UHIKF



analyses obtained in Chapter 3. Forecasts with and without CA&¥ data are
compared, and the impact of using a mixed-microphysics ensembtmssdered.
Forecast verification is performed both subjectively, through aisalys radar
reflectivity and vertical convective structure; and objectivelyngisa variety of
deterministic and probabilistic skill score metrics.

In Chapter 5 we present the results of a more complex setaphdsimilation
and forecast experiments performed using the 8-9 May 2007 tornadic del€&S
These experiments differ from those presented in Chapters & andheir use of
conventional weather observations (such as upper-air data, wind profiler
observations, and surface observations) in addition to radar data dukitgdata
assimilation. Also, the analysis and forecast experimeatsested within an outer
ensemble analysis and forecast at a horizontal resolution of éhkluged to more
accurately represent mesoscale variations and provide perturltietl aanditions
and lateral boundary conditions to the 2 km forecast experimentnwitiihese
experiments are run on a considerably larger forecast domain identical usetdy
Schenkman et al. (2011) in their study of this case using 3DVA&R ataimilation,
allowing for direct comparison between the EnKF-based foreeasits obtained
herein and the 3DVAR-based forecast results of Schenkman et al. (2011).

We close with Chapter 6, in which the results of both sets of anaysl
forecast experiments are summarized, conclusions are drawn, and shegginding

possible future investigations are presented.



Chapter 2: Methodology and Tools

2.1 The CASA project

2.1.1 CASA: An Overview

The Center for Collaborative Adaptive Sensing of the Atmospher&AGAs a
ten-year National Science Foundation (NSF) Engineering Rasé&znter (ERC),
established in 2003. CASA seeks to develop an innovative, low-cost, hitgd-spa
density, dynamically-adaptive network of Doppler radars with polaricneapability
(Xue et al., 2006) which can be used to detect, track, analyze, anct poedadoes
or processes leading to tornadogeneBisLéughlin et al. 2009). To these ends,
CASA deployed a radar testbed in southwestern Oklahoma which ctae a
between the spring of 2006 and the spring of 2011, consisting of founcKradars
with a maximum range of 40 km, sited in southwestern Oklahoma neckaSha,
Cyril, Lawton, and Rush Springs. The placement of these CASAsraslahown
below in Fig. 2.1.

The Weather Surveillance Radar-1998 Doppler (WSR-88D) netwotkeis
primary operational network of Doppler weather radars used in tlitedJStates.
The CASA radars are positioned between the Frederick (KFDR)Inaunal Lakes
(KTLX) WSR-88D sites, to fill in the gap in radar coveragamthe surface caused
by the curvature of the earth. CASA seeks to complement thingX¥%SR-88D
network by providing enhanced low-level radar coverage, improving thigy abil
detect low-level hazardous weather such as tornadoes, and providingrea

complete data set for initialization of storm-scale NWP ngdeThe polarimetric
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data provided by CASA is also an improvement upon the WSR-88D networly whic
does not have polarimetric capability (though at the time of thisngithe WSR-
88D radar network is in the process of being upgraded to add this d@gpabil
the radar reflectivity and radial velocity data observed byW#R-88D network
provide a great deal of information, these variables alone do not praiffdzgest
data to fully describe the microphysical state of a convestiven. Polarimetric
data can be helpful in this area, as observations of differemti@ctivity and
differential phase contain information about the density, shape, dlentand size

distribution of hydrometeors within the storm (Jung et al. 2008).
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Fig. 2.1: Locations of the 4 radars in the CASA radar testbed. 30 km range rings
are shown in black. Also shown are the locations of the nearest two WSR-88D
radars; KFDR near Fredrick, OK, and KTLX east of Moore, OK, along witarg0

60 km range rings. Counties, cities, rivers, and major highways are shown.



2.1.2 Radar Specifications

The CASA network consists of 4 identical X-band radars. WhileduDASA
radars may employ phased-array technology to allow for el@ctbeam steering
(Xue et al., 2006), the existing CASA radars are driven byglesimagnetron and
steered mechanically. Technical specifications of the CAS8dars, and the

corresponding specifications of the WSR-88D radar network, ardedebselow in

Table 2.1.

Table 2.1: Specifications of the radars used in the CASA radar testbed in
southwestern Oklahoma, along with corresponding specifications of the operational
WSR-88D radar network maintained by the National Weather Service.

CASA WSR-88D
Wavelength 3.19 cm (X-band) 10.0 cm (S-band)
Maximum Peak Power 25 kw 750 kw
Pulse Repetition Frequency Variable up to 3.33 kHZ 0.3-1.3kHzZ
3 dB Beamwidth 2.0 degrees 0.95 degrees

Polarization
Rotation Rate
Antenna Gain
Antenna Diameter

Maximum Range

Dual linear (V and H)
Variable up to 120 deg./s
38 dB
15m
40 km

Horizontal polarization
36 deg./s
45 dB
8.5m
459 km

The 4 radars of the CASA network are connected to a centragsiag server.
Every minute, the processing server gathers data from alllatsraand uses pre-
defined rules to generate an optimal scanning strategy for theonexminute scan
cycle. The rules represent the competing interests of variousisensl of the
network, including research scientists, operational meteorolp@ists emergency

managers. An example of the output from this process is showmg.ir2 2 the
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rules are used to generate tasks (displayed as polygons), whitlerangsed applied
to generate the next scanning strategy. Possible scan motete iacfull 360
degree scan at a constant elevation, a sector scan on a colestambre an RHI

scan, or a combination of the above at varying elevations and azimuths.

Fig. 2.2: Diagram of one CASA scan cycle. Sector scans are denoted by tret shade
sectors for each radar. Scanning strategy was adaptively chosen to desasks
generated from the observed meteorological features, shown in color.
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Working with X-band radars presents a major challenge in fdinen of
attenuation. In cases of heavy precipitation, significant attemuaf the radar

signal can occur. To account for this, CASA uses a built-imaditeon correction

algorithm. Also, the relatively wide {(Rbeamwidth of the CASA radars limits the

azimuthal resolution of the system—this problem is addressed bgaowgling in

the azimuthal direction.

2.2 The ARPS NWP model

The Advanced Regional Prediction System (ARPS) is used in iy $b
produce forecasts of convective storms. ARPS is a fully-complession-
hydrostatic atmospheric prediction model (Xue et al. 2000). The miadiegctor
contains three velocity components, (v, and w), potential temperatured), air
pressure ff), turbulence kinetic energy (as used in the model's 1.5-order sub-grid
scale turbulence closure scheme), in addition to microphysical iafamndependent
upon the microphysical scheme used. Both single- and multiple-moment
microphysical schemes are available. All microphyicsalestes used in ARPS

assume a three-parameter gamma distribution of the form:
-D
n,(D)=N,D“e (2.1)

where the subscript denotes the hydrometeor species (rain, snow, or hail/graupel),
n«(D) represents the number of hydrometeors per unit volume with diabetgy is
an intercept parameter, amndis a slope parameter. When= 0, the drop size

distribution reduces to that of Marshall and Palmer (1948).
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The most widely-used single moment schemes available in ARP$®azed
largely upon on Lin et al. (1983), and track the mixing ratio of wadeor ¢,), as
well as mixing ratios for varying combinations of the followingltogmeteor species:
cloud water ¢c), cloud ice §), rain @), snow (), hail @»), and graupeldg), while
the intercept parameter and slope parameter are set to pifeedpeonstant values.
ARPS also supports multiple-moment schemes based upon the workboéridil
and Yau (2005), which predict the mixing ratios listed above, aksaseitercept
parametersNoy), wherex denotes hydrometeor species. The slope parameter can be
pre-specified, diagnosed, or predicted.

In the studies herein, radar data assimilation and storm-socedea$ts are
performed on an ARPS domain with 2 km horizontal spacing; vertichsgetching
is applied, giving a near-surface vertical grid spacing of apprabely 100 m. The
single-grid experiments presented in Chapters 3 and 4 use a plgsicEn of 256
x 256 x 40 grid points, while the nested-grid experiments presen@ubapter 5 use
a larger 500 x 500 x 40 physical domain for the inner nest. In @diriexents, the
model top is located at a height of 20 km. Full model physics &k (&ie et al.
2001), including the NASA Goddard Space Flight Center long- and shortwave
radiation parameterization, a two-layer soil model, surfaceefluparameterized
using predicted surface temperature and water content, and a 1.5tolddent
kinetic energy (TKE)-based sub-grid-scale turbulence paraizegion, along with
high-resolution terrain. Initial and boundary conditions are derivech fNCEP
NAM analyses. The initial ensemble is generated by addingpthrad random

perturbations to the model state using the method of Tong and2R08)( These
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smoothed perturbations have a horizontal length scale of 8 km andcaMergth
scale of 5 km and are added to the horizontal wind field withralate deviation of
2 m §', to the mixing ratios of hydrometeors, cloud water, and cloud itle avi
standard deviation of 0.001 kg kgand to the potential temperature field using
positive perturbations only with a standard deviation of 2 K. The linétaon of

the EnKF system will be discussed in depth later, in section 2.3.2.

2.3 The ensemble Kalman filter for meteorological data assimilation

At the convective scale, the accuracy and rate of divergaeinaegiven NWP
forecast depends greatly upon the quality of the initial conditions ugeltime
passes, the model error increases from that present in tlad stédte, eventually
resulting in a predicted state quite different from the true state of tlosgiere. As
a result, one of the top priorities in storm-scale NWP is géngrithe most accurate
set of initial conditions to minimize the initial error in the micskate. Of the data
assimilation techniques available today, the four-dimensional en@ht(4DVAR)
technique (Le Dimet and Talagrand 1986) and the ensemble Kallean(EnKF)

technique (Evensen 2003) are considered to hold the most promise.

2.3.1 Data assimilation using EnKF techniques

The EnKF technique was first introduced into the meteorological contynuni
around ten years ago, and has rapidly become an attractive techorqoerfy
operational and research applications. EnKF and related filteriethoafs
incorporate the computation of flow-dependent error statistics. edastf solving
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for the time-dependent probability density function of the model, SEati€F applies
the Monte Carlo technique for estimation of the forecast errdistgta. By
producing a large ensemble of model states and integrating theardan time, the
moments of the probability density function can be calculated féereift times
(Evensen 2003).

EnKF has proven to be very effective in retrieving accunatedynamically
consistent wind, temperature, and microphysical fields from reefbactivity and
radial velocity observations when using simulated observations (eyderSand
Zhang 2003; Zhang et al. 2004; Tong and Xue 2005a; Xue et al. 2006; Tongeand X
2008). Snyder and Zhang (2003) demonstrated that simulated radial velateity
could be successfully assimilated using an EnKF method and wamm ra
microphysics. Tong and Xue (2005a) expanded upon these results, $indiagéing
that EnKF could successfully retrieve the microphysical infdiom needed for a
simple single-moment ice microphysics scheme from sinuila@ar reflectivity and
radial velocity data, and provide a reduction in root-mean-square(ense) despite
the highly non-linear nature of the reflectivity observation opera®©btaining
analyses from real data that lead to good short-range foretagiavective storms
remains a challenge (Dowell et al. 2004b; Tong 2006); most stofdm-Er&F
studies to date have focused on analysis rather than forecalstingetatively few
papers showing good forecast results have been published so fat,fexdei et al.
(2009) and Dowell et al. (2010).

Real radar observations are almost always contaminated hguneenent,

sampling, and aliasing errors; compared to simulated radar obsesyathich use a
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perfect model and are free from such errors, the challenge ofiedfg assimilating
real radar observations is much greater. Those studies whichubadereal data
have had success in retrieving convective thermodynamic and widd, fbut have
often found it necessary to do extensive quality controls, deletmedus or
contaminated data, and perform post-processing such as objectivasatalyisce
data on the model grid (e.g. Dowell et al. 2004b). In the experinpeasented
assimilation of data from multiple radar platforms (WSR-88D aA®GA&) and the
use of assimilated data to update not only warm-rain processeslduutice

microphysical processes add additional layers of complexity.

2.3.2 The ARPS EnKF system

The EnKF system of the ARPS model employs an ensemble square-root
Kalman filter (EnSRF) similar to that presented in Whitaked Blamill (2002) and
later refined by Tong and Xue (2008), which is a particular vanarhe EnKF
technique that does not require perturbation of the observations dssigilated.
At the beginning of the assimilation period, spatially smoothatuations are
added to the background state. As in Tong and Xue (2008), the spatiatiyhed

perturbation at the grid poirk,(y, 2) is calculated using:
&(xy,2)= Z i, kW(i, j,k) (2.2)

wherer(i, j, k) is a random value independently sampled from a normal distribution
with a mean of 0 and standard deviation ofMi, j, k) is a 3D distance-dependent
weighting function, andk is a scaling parameter for obtaining correct variance in the

perturbation field. S represents a domain of grid points used for summation,
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consisting of all points within a specified radius(afy, z) This distance is chosen
using the typical decorrelation length of background error scales. WISR-88D
radar data, this was assumed to be approximately 6 km, and for GAIBA data,
approximately 2 km.

The smoothed initial perturbations are next rescaled, by evaju&tiin

equation 2.2 such that the standard deviation of each perturbatohisfedual to a
desired value. These desired values are I'nfios velocity components, v,andw;

2 K for potential temperaturf@ and 1 g k@l for microphysical mixing ratiosp, qc,

O, O, Os, and g,. These values were determined via experimentation and
consultation of previous studies (e.g. Tong and Xue 2008). Such perturbatiens w
added to all grid points within a cutoff radius of 6 km of points containing

precipitation.

2.4 Ensemble-based Probabilistic Forecasting Tools

To achieve the lead-times necessary for the warn-ondstregaradigm
currently under development within the NWS (Stensrud et al. 2008)bleeshort-
term (0O — 3 hour) probabilistic forecasts at the convectiatesaill be vital. While
it is possible to obtain probabilistic forecast products from alesidgterministic
forecast by examining the occurrence of an event at surrounding gnid pbineis et
al. 2005; Schwartz et al. 2009b), the capability of such a method i®dirby
inherent biases and errors in the deterministic forecast usecgudmeource of error
is the microphysical parameterization of the NWP model; Snookaad2008) and

Dawson et al. (2009) found that the choice of microphysical schente tfee
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parameter settings therein) strongly impact the mode and itytesfsconvection
predicted. Furthermore, such probabilistic forecast products ra@equate in
addressing uncertainty in the initial condition and dynamic erawtt. Convective-
scale errors generally grow very quickly (Lorenz 1969), gréiatiying the utility of

a single deterministic forecast.

The use of an ensemble of model predictions allows us to mitigatenpact
of errors and biases in initial conditions and model parametemzatiwhile
providing valuable probabilistic data regarding the forecast. Emi€Ehods have
proven effective in generating dynamically consistent wind, terfyeraand
microphysical fields when assimilating Doppler radar reflggtiand radial velocity
data for storm-scale NWP (e.g. Dowell et al. 2004; Houtekamal. &005; Tong
2006). Because EnKF is inherently an ensemble method, it providesural nat
starting point for a storm-scale ensemble forecast beginmiom fthe final
assimilated state of each of the ensemble members during tdeasEmilation
period.

Because convective cells are highly localized, even small despknt errors
in a storm-scale forecast can result in very low objectivé s&dres when verified
on a point-by-point basis, even though the forecast being scored thde sjuite
valuable to researchers and operational meteorologists (Baldwial. e2001;
Schwartz et al. 2009b). To alleviate this problem, Schwartz €2@D9b) applied a
probabilistic “neighborhood” approach following Roberts and Lean (2008), where
the probability of an event (e.g., radar reflectivity > 40 dBA4fedi rate > 2.0 cm/hr;

hail mixing ratio > 0) at a grid point is determined by cdodg at all grid points
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within a given radius of influence from that grid point; this collection of points
comprises the neighborhood for the selected grid point. In the studiesnfed
herein, as was done in Schwartz et al. (2010), the neighborhoodeisdedt to
include all grid points on the same model level within the radiuafbfeince from
every ensemble member. Thus, drawing from Schwartz et al. (2009b; 204.0)
forecast probabilityR;) of an event at thé" grid point of the ensemble forecast is

defined by:

1 N
R:ﬁz B (2.3)

j=1

whereN is the unique collection of all points comprisitng neighborhood for point
i, andB; is the binary probability at th& grid point of the neighborhood, defined to
be 1 if the event was observed at that grid paintl O if it was not. Schwartz et al.
(2010) callP; neighborhood ensemble probability (NEP); furthescdssion can be
found in that paper.

Meso-vortices and other circulations cannot easity treated as point
variables, and are therefore not well-suited toE#PNnethod. Thus, for prediction
meso-vortices, we instead apply an object-baseéndnie verification approach.
Significant low-level circulations are first manlyaidentified for each ensemble
member. For a feature to count as a significarmulgtion, three criteria must be
met: (1) vertical vorticity must exceed 0.02 at 2 km above ground level; (2)
discernable rotation must be present in the hot&amnd field at this level, and (3)
the feature must be located within a convectiveioregnith radar reflectivity
exceeding 30 dBZ. These criteria were chosen doridiinate true mesovortices
from other phenomena, such as shear zones occualamgy outflow boundaries.
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The binary probabilityi, for thei™ model grid volume of the” ensemble member
is then calculated such thBt, = 1 if the center of that grid volume lies withen

predefined distance (in this study, 25 km) of aumtion center identified in the
forecast for that ensemble member, &l = 0 otherwise. A purely ensemble-

probability results,

1 Nens
N2 B (2.4)

ens m=1

R:

whereNgrsis the number of members in the ensemble. In essEnfrom equation
2.4 canbe viewed as the predicted probability of a stroregr-surface vortex being
present within 25 km of a given point; this fordoca&thodology is analogous to that
used operationally by the Storm Prediction Cemntetheir Day 1 tornado, hail, and
wind outlook products, which forecast the prob&pitif an event occurring within a

25 mile radius of a given point (Edwards et al. 200
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Chapter 3: 8-9 May 2007—EnKF Radar Data Analysis

3.1 An Overview of the 8-9 May 2007 Tornadic MCS

The tornadic MCS of 8-9 May 2007 occurred overtimmn Texas and
portions of western and central Oklahoma. Threeaficned tornadoes were
reported during the event; two of these were oflERtensity, the first of which
occurred near Minco, OK at 0354 UTC, 9 May 2004 #re second of which was
reported near El Reno, OK at 0443 UTC. The El Renoado was by far the most
destructive of the three, causing an estimated fi®mof damage. In addition to
these two tornadoes, a weaker, EF-0 tornado wafrroeal near Union City, OK,
reported at 0426 UTC. Of these three tornadody,fonthe El Reno tornado did
the NWS issue a tornado warning prior to tornadouoence, underscoring the
challenge of forecasting tornadoes associated Mi@Vs. The location, time of

occurrence, and intensity of the observed tornadmesummarized in Fig. 3.1.
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Fig. 3.1: Locations of tornadic activity associateth the 8-9 May 2007 convective
system. CASA radars are indicated by black squd@&m CASA range rings are

indicated in gray. Oklahoma counties are shownlatk and labeled. Confirmed
tornadoes the forecast period (0200 UTC to 0500 UI®lay 2007) are indicated
by black triangles with the time of occurrence dogall times shown are for 9 May

2007).
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The tornadoes reported at 0354 and 0443 W& of EF-1 intensity on
the enhanced Fujita scale; the tornado reporte@426 UTC was of EF-0 intensity.



During the afternoon and evening hours of 8 Ma@720a surface low
developed in southwest Oklahoma near the intesedi a slow-moving east-west
frontal boundary and an advancing cold front towsst. A mesoscale convective
system (MCS) developed from pre-existing multidaiLconvection along the cold
front (Kumjian and Ryzhkov 2008) beginning arour&D@ UTC on 8 May 2007, in
an area of upper-level divergence associated witlgctonically curved jet streak.
This system grew in geographic extent and by 000Q dn 9 May 2007 was located
over much of central and north Texas and southwesdlahoma and featured a
surging bow echo located along its leading edgg. (Bi2a). While the portion of
the system in Texas began to weaken after 0100 W& northern portion of the
system in Oklahoma persisted until approximate®WTC (Fig. 3.2b-f). Though
strong low-level rotation was observed in the systs early as 0021 UTC, and a
brief tornado was reported by a media-based stdraser west of Lake Elsworth,
OK, at 0115 UTC, subsequent damage survey effoei® winable to confirm this
report (Brotzge et al., 2009), and no further tdroactivity was reported until 0354

UTC.

23



70

10

. N
e A . P Y R 3 1 L/ A
. A ‘. o VT g i
- - - ’ YO . v M| e,
. 5 P o) , o ad ! . - i K Y Al
- S R B 3 RS )
” s T %o Al 'S
‘ : . IR AR z 53
‘ . e | o
; 4 . - by "
— RS B G
B P N G, :
AV f}' ) ‘
4 & Pl = el A )
m X el A
v {- R ? >
\ (3 ¥ 3 4+ 0
v . j & paS . RO ER 1D

Fig. 3.2: Composite radar reflectivity mosaic (dBig)observed by WSR-88D radars
KAMA, KDYX, KFWS, KLBB, and KTLX at (a) 0000 UT},q100 UTC, (c) 0200
UTC, (d) 0300 UTC, (e) 0400 UTC, and (f) 0500 U9@®jay 2007. 30 km CASA
radar range rings are included for reference. Undaoundaries are shown in
purple.
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Beginning approximately 2200 UTC on 8 May, a LEdMhed near the
northern end of the bow echo, just south of the Re@r in northwest Texas. The
development of the LEV occurred as the MCS mergétth & supercell to its
northeast (Schenkman et al. 2010). The LEV mowethmortheast and contracted
as it moved into southwestern Oklahoma (BrotzgeO2D1l The LEV intensified
between 0230 and 0300 UTC as it interacted with absorbed a supercell in
Comanche County OK (Fig. 3.2b, c); evidence of thisnsification was present in
both WSR-88D radar reflectivity and mesonet obg@ma (Schenkman et al. 2010).
The LEV reached its peak intensity between 0330 @80 UTC (Fig. 3.2e, f),
during which time all three reported tornadoes omtli Observations from the
Oklahoma mesonet indicate that at its peak, the ldevtained a well-defined
surface circulation with approximately 25 tef horizontal wind shear (Schenkman
et al. 2010). The observed evolution of the MC8& igmassociated LEV closely fits
the conceptual model of an asymmetric convectiwtesy presented by Houze et al.

(1989).

3.2 Radar Data Assimilation Study: Data, Methods, and Goals

In this radar data assimilation study, we appty/ BEmKF system of the ARPS
NWP model to CASA and WSR-88D radar data gatheteohg the LEV and mini-
supercell tornado case of 8-9 May 2007.  During évent, as discussed above, a
LEV developed and moved through much of southwest/al Oklahoma, passing
directly through CASA's Integrative Project Onel(jPadar networkMcLaughlin et
al. 2009). This system spawned two confirmed EBfhadoes and one confirmed
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EF-0 tornado in central Oklahoma between 0354 URE€ @443 UTC. This LEV

was observed by several WSR-88D radars, as wall &sur CASA radars.
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Fig. 3.3: Forecast domain used in the 2km horizbnsolution radar data
assimilation experiments for the 9 May 2007 caskerrain height, in meters above
mean sea level, is indicated by the grayscale sigadi40 km CASA radar range
rings are included for reference. The black bassely enclosing the CASA IP-1
radar network denotes the extent of the CASA suimdo used in calculation of
updraft mass flux presented in Fig. 3.9.
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In this study, a 259 x 259 x 43 ARPS grid withr@ korizontal spacing is
used for analyses and forecasts; vertical gridcétieg is applied, giving a near-
surface vertical grid spacing of approximately 10 The model top is at a height

of 20 km. The extent of the domain is shown alkiaveig. 3.3. A one-hour-long
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pre-forecast is performed before EnKF data asdiimilacycles begin, initialized
from the 9 May 2007 NCEP 0000 UTC NAM analysis. 04100 UTC, smoothed
random perturbations are added to the 1-hour fetawang the method of Tong and
Xue (2008) to create a set of initial conditionsnfr which ensemble forecasts are
launched. The smoothed perturbations with a hot&dangth scale of 8 km and a
vertical length scale of 5 km are added to thezoortial wind field with a standard
deviation of 2 m3, to the mixing ratios of hydrometeors, cloud wagerd cloud ice
with a standard deviation of 0.001 kggand to the potential temperature field
using positive perturbations only with a standaediation of 2 K.

The EnKF algorithm used is the ensemble squareditter (EnSRF) of
Whitaker and Hamill (2002). Radar data are asstadl@very 5 minutes from 0100
to 0200 UTC. The observation error standard deiatire assumed to be 1 fnfer
radial velocity and 2 dBZ for radar reflectivity.The observation operator used to
map the model state to observation space for radlactivity and radial velocity
follows that of Jung et al. (2008). To sample radizea on the radar elevation angles,
a Gaussian power-gain function following Wood amdvidh (1997) is used as in Xue
et al. (2006). The covariance localization radsuset to 6 km. Lateral boundary
conditions are provided by the NCEP NAM 6-hourlalgses and intervening 3 hour
forecasts.

Radar data are assimilated every 5 minutes bet@&@@ and 0200 UTC in
three experiments: a control experiment (hereattterred to as “CNTL”") using a
mixture of several microphysical schemes (as desdrbelow) and assimilating both

WSR-88D and CASA data, an experiment using a mimextephysics ensemble and
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WSR-88D data only (hereafter “NoCASA”), and onengsboth WSR-88D and
CASA data, but only a single microphysical schemmerdafter “NoMMP”). The
differences in model setup between these threeriex@ets are summarized in Table

3.1.

Table 3.1: Summary of experiments for the radaradasimilation and ensemble
forecast studies presented in chapters 3 and 4.

CNTL NoCASA NoMMP
WSR-88D radar used? Yes Yes Yes
CASA radar used? Yes No Yes
Ensemble size 40 40 40
Number of Lin
microphysics members 16 16 40
Number of WSM-6
microphysics members 16 16 0
Number of NEM
microphysics members 8 8 0

In all experiments, level-l1l volume scans of WS838radial velocity and
reflectivity from five WSR-88D radars are assingldtat 5-minute intervals; the
WSR-88D radars used are those located at Oklahatya@K (KTLX), Vance Air
Force Base, OK (KVNX), Amarillo, TX (KAMA), Dyess iA Force Base, TX
(KDYX), and Lubbock, TX (KLBB). In experiments ug) CASA data, aggregate
volumes of radial velocity and radar reflectivityeaassimilated, also at 5 minute
intervals, from each of the four CASA radars: Gy@K (KCYR); Lawton, OK
(KLWE); Rush Springs, OK (KRSP); and Chickasha, @KSAQ). Aggregate

CASA radar volumes are created by first interpatatiaw CASA sector scan data on
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observed elevations to a uniform radial grid wigimauthal spacing of 1 degree, and
then interpolating in time to the center of a fim@ute window valid at the

assimilation time. For each radial, the nearetd Hafore and after the assimilation
time within the five-minute window are linearly @rpolated in time to obtain the
corresponding radial in the aggregate volume sc#ronly one scan is available for
a given radial, that scan is used. If no scansaadable, that radial is marked as
missing. A summary of the radars used and themtions are provided in Table

3.2.

Table 3.2: List of radars used for the single-gidiar data assimilation study.

Radar Type Latitude Longitude Elevation
KAMA WSR-88D 35.2333 N 101.7092 W 1113 m
KDYX WSR-88D 32.5383 N 99.2544 W 357 m
KLBB WSR-88D 33.6542 N 101.8142 W 1013 m
KTLX WSR-88D 35.3331 N 97.2778 W 384 m
KVNX WSR-88D 36.7408 N 98.1278 W 379 m
KCYR CASA 34.8739 N 98.2522 W 448 m
KLWE CASA 34.6239 N 98.2708 W 396 m
KRSP CASA 34.8128 N 97.9306 W 436 m
KSAO CASA 35.0314 N 97.9562 W 356 m

Because of the strong reflectivity attenuatiorergmt to X-band radar data in
areas of heavy precipitation, attenuation correctiging polarimetric differential
phase (Chandrasekar et al. 2004) is applied to CA8# before they are used.
Accurate attenuation correction is vital; if unemted, attenuated radar data were

assimilated, the erroneously low values of refiattiin the attenuated regions would
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negatively impact the analysis. While the atteramatorrection algorithm used has
been shown to accurately retrieve un-attenuatddctefity values (Chandrasekar et
al. 2004), it can only do so when the reflected @ois above the noise floor of the
radar receiver. When total attenuation occurs,réselting radar data cannot be
objectively distinguished from true clear-air dathese areas of total attenuation
appear as “shadows” of near-zero reflectivity ieaa@r which may actually contain
significant precipitation.

To avoid erroneous assimilation of completely attgad reflectivity data,
CASA reflectivity and radial velocity data are asgated only in regions where
attenuation-corrected reflectivity exceeded 20 dBlAfortunately, this constraint
eliminates the ability of CASA reflectivity data ®uppress spurious storms that
occur in regions free of observed reflectivity; §goand Xue (2005) showed that the
assimilation of reflectivity data in non-precipitat regions is very beneficial in
suppressing spurious storms. Furthermore, thougBACAata are not assimilated
when attenuation-corrected reflectivity is lessntl2® dBZ, because no reliable way
exists to objectively distinguish fully-attenuatextjions from clear air echo regions,
attenuated areas were included in the RMS innavat@mputation at CASA sites,
resulting in increased RMS innovation values fa@ @ASA radars. Finding new
ways to more effectively use X-band reflectivitytalaemains an important research
topic (Xue et al. 2009).

In order to counteract the inherent tendencyterdnsemble to converge on a
solution different from the true state of the atpteeye, a method for maintaining

ensemble spread is needed (Dowell and Wicker 2008)order to achieve this, we
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apply a covariance inflation factor (Anderson antlérson 1999) of = 1.25 to the
prior deviation of each ensemble member from tle=erble mean. This value pf
was chosen to be large enough to broaden the etesdistrsibution, but not so large
as to result in an unstable or unrealistic modskst Recent work has applied other
techniques to increase ensemble spread—for exarfpbg et al. (2004) used a
“relaxation” technique that restored a pre-settioacof the ensemble spread lost
during the assimilation period. Also, additive tpepations to various model fields
(e.g. horizontal wind, potential temperature) héxeen employed. Dowell and
Wicker (2009), found that applying smoothed addifperturbations to the horizontal
wind, potential temperature, and water vapor figlddded a significant increase in
the resulting ensemble spread. While ensembleagpmaintenance used in these
studies presented here is limited to covariandatioh, investigation of the optimal
combination of multiplicative inflation, additiveorse, relaxation, and/or adaptive
inflation is a promising area for future study.

At the end of the assimilation period, three $etscasts are performed from
0200 to 0500 UTC for each of the three experimemtsingle, deterministic forecast
initialized from the 0200 UTC ensemble mean analydi each experiment, three
deterministic forecasts initialized from the 0200 @ ensemble mean analysis of
experiment CNTL, each using a different microphgsscheme, and a 40 member
ensemble forecast with members initialized from fihal analysis at 0200 UTC of
each ensemble member used during the EnKF dataikdgin process. The

results of these forecasts will be addressed irpehd.
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3.3 Radar Data Assimilation Results

By the end of the assimilation period at 0200 U3 ®/1ay 2007, all three
experiments produce a MCS with reflectivity struetvery similar to that observed
by radar. Composite radar data calculated fromahfields for CNTL, NoCASA,
and NoMMP (Fig. 3.4a-c) correspond well to composédar reflectivity measured
by WSR-88D (Fig. 3.4d). Analyzed composite reflatt at 0200 UTC for all
experiments compares closely with observed refliggtin terms of the intensity and
location of the main convective cells and stratifaain region and the overall shape
of the bow echo (Fig. 3.4). In both model simulasicand observations, a LEV is
present at the northern end of the line of strangasvection, located in the western
portion of the CASA radar network (Fig. 3.4). Sabdifferences between
experiments are present in the composite reflégtiields near the CASA network
(Fig. 3.4a-c). Minor differences between the asedy (Fig. 3.4a-c) and the
observations (Fig. 3.4d) of radar reflectivity amtable in the southern portion of the
domain, where all three experiments underestinteebdverage and intensity of the
strong echo region where the reflectivity is grediban 35 dBZ. Insufficient low-
level radar coverage in southwestern portion of doenain is believed to have
contributed to the model error there, while und@regtion of the intensity of the
main convective line is likely due to under-correatto the background forecast by

the ensemble filter, which can occur as a resulinofer-dispersion in the ensemble.
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Fig. 3.4: Composite radar reflectivity (dBZ) of theal analysis state at 0200 UTC 9

May 2007 for (a) CNTL, (b) NoMMP, and (c) NoCASKpgd) composite radar
reflectivity mosaic (dBZ) observed by WSR-88D rad&kMA, KDY X, KFWS,

KLBB, and KTLX at 0200 UTC 9 May 2007. 30 km CAdalar range rings are

included for reference.

Despite the overall qualitative similarity notedRig. 3.4, there are important

differences between the three experiments thatrottwoughout the assimilation

period. Both the inclusion of CASA data and the wf a multi-microphysics

ensemble produce notable changes in the forecdsaraalysis states. We will now
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address both of these factors in turn, beginninth ilhe impact of assimilating

CASA radar data in addition to WSR-88D radar data.

3.3.1 Impact of assimilating CASA data

CASA seeks to improve storm-scale analyses aret#ésts by sampling the
near-surface flow at high resolution. ExperimeniOASA is designed to evaluate
the impact of withholding CASA data during assimda. While CNTL and
NoCASA produce qualitatively similar reflectivityefds (Fig. 3.5), the impact of
assimilating CASA data can be seen in horizontahdwfields of CNTL and
NoCASA, particularly in lower levels of the atmosgpé (Fig. 3.5); strong southerly
and southeasterly flow is present at one kilomedbove mean sea level
(approximately 700 m above the surface) within ibethern portion of the leading
convective line in CNTL (located in the region sfthiby the two western CASA
radars, Fig. 3.5a), while the corresponding flonNi@CASA is much weaker (Fig.
3.5¢). In addition, in experiments assimilating $ data (Fig. 3.5a, b), in the
southern portion of the CASA domain, southwest wiade present within and just
ahead the convective line just to the south of mioéch in the line near the
southwestern-most CASA radar (KLWE). By contréisis notch is less noticeable
in NoCASA (Fig. 3.5c¢), and the low-level winds hretregion are from the southeast.
These differences represent the accumulated eff#cessimilating CASA data.
This result agrees well with results reported bigegd&man et al. (2011), who found
that assimilation of CASA/, data for this case using a 3DVAR and cloud anslysi

package had a strong impact on low-level windsgusd front structure.
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Fig. 3.5: Plots of radar reflectivity (color-shadip and the horizontal wind field
(vectors) at 1 km above ground level for the fiaaalysis states of (a) CNTL, (b)
NoMMP, and (c) NOoCASA at 0200 UTC. 30 km CASAgaimgs are also shown
for reference.

The assimilation of CASA data results in a markectease in maximum
vertical vorticity in the lowest several kilometafthe atmosphere that sets the stage
for tornadic processes. Fig. 3.6 shows the timgHietross-section of maximum
vertical vorticity within a box tightly surroundirthe CASA domain (depicted in Fig.
2a), for experiments CNTL and NoCASA. In CNTL, wheCASA data were
assimilated, much higher maximum values of lowdevertical vorticity are
consistently present within this domain in both filrecast priors and EnKF analyses
as compared to NOCASA. In particular, strong eaitvorticity is present in CNTL
between 5100 and 6600 s of forecast time (0125.5® WTC) between the surface
and the 3 km level; a much weaker maximum is atesgnt in NOoCASA, but it is

not discernible until 5400 s (0130 UTC).
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from 3900 s (01:05 UTC) to 7200 s (02:00 UTC). dHeis shown in kilometers
above ground level.

Between 0125 and 0150 UTC, a strong low-level tatoon is present west-
southwest of KTLX, within the CASA domain. Thigailation is visible in CASA
and WSR-88D radar observations between 0120 and OT®, but is much better
resolved by CASA radars due in large part to shogege (not shown). The NWS
Norman forecast office issued a tornado warningttier storm cell containing this
circulation at 0126 UTC, although a later stormveyrfound no evidence of an

actual tornado at this particular time and locatiomclusion of CASA data resulted
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in the analysis of a stronger low-level rotatiorthin the CASA domain, matching
more closely with the observed evolution of the MC$ CNTL, where CASA data
were assimilated, this circulation is present tghmut the time it was observed by
radar (Fig. 3.6a); by contrast, NOCASA is slowerdeveloping such a circulation
and the resulting low-level vertical vorticity iseaker (Fig. 3.6c).

The tornado-warned meso-vortex is well-observedCBYSA radar KCYR.
The 2° elevatiorV; observations from KCYR at 0140 UTC (Fig. 3.7a)wsleostrong
circulation present between 5 and 20 km to the wiste radar site, with 45 n'sf
horizontal wind shear over a distance of approx@yat2 km. Simulated KCYR/,
observations from the 0140 UTC ensemble mean deay<CNTL (Fig. 3.7b) also
indicate the presence of a meso-vortex circulatibith closely matches the location
and size of that seen in the KCYR observationswiitlt a slightly weaker maximum
horizontal shear of around 40 nm' across the vortex. Simulated KCYR
observations from NoCASA (Fig. 3.7c) show no strocigculation at the 2°
elevation; instead, a convergent signature witty ma@ry weak rotation is present
near the location of the observed meso-vortex. addition, NOCASA (Fig. 3.7¢c)
greatly underestimates the region of positebserved to the northwest of KCYR
(Fig. 3.7a); by contrast, the ensemble mean asabfsSCNTL (Fig. 3.7b) indicates a
flow that closely matches KCYR observations. Thessults highlight the
importance of assimilated near-surface CASA radda ¢h accurately capturing the

near-surface flow in this convective system.
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The impact of assimilated CASA data is also evidenhe surface wind field
and cold pool structure in the 0140 UTC analysis. experiment CNTL (Fig. 3.8a),
a moderately intense surface circulation is predemizontally co-located with that
indicated by KCYRV, observations. In the CNTL analysis, a moderasttgng
gust front is present to the south and southeat$teo$urface circulation, with strong
inflow of between 15 and 25 msihead of the gust front. The location of the gust
front in the 0140 UTC CNTL analysis (Fig. 3.8a)similar to that indicated by the
full-resolution 0139 UTC KCYR 2V, observations (Fig. 3.8c); at the location of the
meso-vortex, these observations were 500 to 70B0aveathe surface. The surface
wind field in the 0140 UTC ensemble mean analysiSl@CASA shows only weak
rotation within a convergent shear zone (Fig. 3.8bhsistent with the simulatéd
observations of Fig. 3.7c. While the gust frontgant in NOCASA is positioned
similarly to that in CNTL, it is much weaker, with cross-frontal temperature
difference of less than 2 K; this is too weak compato potential temperature
decreases of 3 to 4 K as measured by nearby Okkhdasonet stations during

passage of the gust front (not shown).
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Fig. 3.9: (a) Total updraft mass flux profiles witlthe CASA sub-domain (as
denoted in Fig. 3.3a) at 0140 UTC for experimentsI'C and NoCASA.

Histograms of vertical velocity exceeding 4 hwsthin updraft regions in the CASA
sub-domain are plotted for (b) CNTL and (c) NoCASA.

The stronger low-level circulation of CNTL is accoamied by more
vigorous convective updrafts over the CASA sub-domaTotal updraft flux is
calculated at each model level over the CASA subalo outlined in Fig. 3.3a; the
resulting vertical profiles of updraft flux for theNTL and NoCASA 0140 UTC
ensemble mean analyses are plotteHign 3.9a. Greater updraft flux is present in
CNTL than in NoCASA, patrticularly below the 5 knvé. Much of the difference
in updraft flux between CNTL and NoCASA can beihttred to greater updraft
velocities in CNTL; histograms of updraft velocityr the 0140 UTC analyses of
CNTL (Fig. 3.9b) and NoCASA Kig. 3.9c) in model grid cells where the vertical

velocity was greater than or equal to 4 thisdicate that more regions of strong
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updrafts are present in CNTL than in NOCASA. |e 0140 UTC CNTL analysis,
updrafts in excess of 16 i sre present in more than 100 grid cells; the maxim
updraft velocity observed within the CASA sub-domaxceeds 24 m™s In
NoCASA, only about 30 grid cells have updrafts extieg 16 m 3, and the
maximum updraft velocity within the CASA domainléss than 19 ms  Similar
behavior was noted at other analysis times andngutfie forecast cycles, with
stronger updrafts and greater updraft fluxes ptese@NTL than in NOoCASA (not

shown).

To more quantitatively assess the behavior of thEFEanalyses, average
root-mean-square (RMS) values of observation intionathe difference between
observations and the model state in the form otesl quantities) and ensemble
spread are examined. Observation innovations asehanle spread are calculated for
each of the 4 CASA radars, as well as WSR-88D salat X and KVNX, for radar
reflectivity (2) (Fig. 3.10) and radial velocity() (Fig. 3.11), in experiments CNTL
and NoCASA. Innovations in Fig. 3.10 and Fig. 3.4f% calculated for the
ensemble mean fields at locations where either rebdeor model reflectivity is
greater than or equal to 15 dBZ. The calculat®rurther limited to within the
CASA sub-domain (c.f., Fig. 3.3a). In NoCASA, RNi#ovations for the CASA
radars are calculated against CASA data that waragsimilated; these observations
are therefore from independent sources. NevegbelenKF data assimilation in
NoCASA was able to decrease the average innovatbral CASA sites forZ
during every assimilation cycle, and fgr during almost every assimilation cycle

(Fig. 3.10, Fig. 3.11). Given that different radamsasure different components of
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the velocity field, the reduction in innovation &wd independent, unassimilated

radial velocity measurements indicates good perémca of the EnKF.
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Fig. 3.10: Average root-mean-square (RMS) innova(swolid lines) and spread
(dotted lines) of radial velocity (in m/s) for eashthe 5 WSR-88D and 4 CASA
radars for experiments CNTL (black lines) and NoB&A&ay lines) calculated
every 5 minutes during the assimilation period. e @ksimilation period lasts from
01:00 UTC (3600 seconds of forecast time) to OJTC (7200 seconds of forecast
time).

Assimilation of CASA data resulted in a slight matable decrease in RMS
innovation in the analysis @ in CNTL as compared to NOCASA (Fig. 3.11). The
overall decrease was greater for the CASA radars,to the absence of CASA data

in NoCASA. Among the WSR-88D radars, only KTLX aK¥NX are included
43



the comparisons between CNTL and NoCASA in Figl2(ecause they are located
close to the center of the convective system dufiegassimilation period and share
the greatest overlap with the CASA domain. The Rikt®vations ofV, at KTLX
and KVNX differ little between CNTL and NoCASA (Fig.10a, b), though the
RMS innovation of the CNTL analysis is very slightbwer than that of NOCASA at
KTLX during early assimilation cycles (Fig. 3.10a).In contrast, a larger
improvement is seen in Z for CNTL during early @glfor KTLX and early to
middle cycles for KVNX as compared to NOCASA (F3gl1). These results suggest
that the inclusion of CASA data modestly improvee tinalyzed reflectivity field
within the model, particularly during early assiatibn cycles, with less

improvement to the analysis of radial velocity.
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Fig. 3.11: As Fig. 3.10, but for radar reflectivifyn dBZ) instead of for radial
velocity.

For the WSR-88D sites (KTLX and KVNX), the greatddgferences in RMS
innovations ofZ and V; between CNTL and NoCASA occurred in the first six
assimilation cycles (Fig. 3.10a, b; Fig. 3.11a, bn addition, fewer cycles were
needed for the analysis to reach its minimum RM®wation value foZ in CNTL
than in NOCASA. While the minimum RMS innovatiohtbe analysis foZ was
not reached until around the 8th assimilation catlETLX (Fig. 3.11a) and the 11th
assimilation cycle for KVNX (Fig. 3.11b) in NoCASAhe RMS innovation of the
analysis reached its minimum value for these radalSNTL by the 4th and 3rd

cycles respectively (Fig. 3.11a, b). Assimilat@mCASA data reduces the number
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of cycles needed for the EnKF analysis to reactlatively stable and low level of
RMS innovation irZ.

One important measure of the performance of aFEmlata
assimilation system is statistical consistency,desussed in Snyder and Zhang
(2003) and Dowell et al. (2004a). For forecasis alpservations with independent
error characteristics, the variance of the inn@rathould be equal to the sum of the

observation and forecast error variances:

Oy =0,+0% (3.1)
Following Dowell et al. (2004a), we arrive from @fjon 3.1 at a consistency
relation valid for observationg” and model forecast sta® with angle brackets
representing an average over all available obsensmtat a time, and overbars
denoting an ensemble mean:

ot +{ 1 X[ H O -HOO T

(= HOO) (v - Hx ))>T e

Here, N is the ensemble sizeé,is the ensemble index, ard is the observation

operator. In practice, values of consistency ragdl below 1 are often seen in EnKF
studies (Dowell et al. 2004a; Dowell et al. 2004bdlicating a general tendency for

under-dispersion in the ensemble.
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Fig. 3.12: Consistency ratio of Z (solid lines) avid(dotted lines) for the 4 CASA
radars and the 2 WSR-88D radars nearest to the Ga8& network for CNTL
(black lines) and NoCASA (gray lines) calculatedrgwb minutes during the
assimilation period (0100 to 0200 UTC). The thiack dashed line indicates the
theoretically-expected consistency ratio defineddoation (3.2).

Time series of consistency ratio for CNTL and No@AS$alculated during
the assimilation period for four CASA and two WS8E8 (KTLX and KVNX)
radars are shown in Fig. 3.12. Values of conststaatio for V, and Z in both
CNTL and NoCASA fall below the optimal value of appimately 1 throughout
much of the period (Fig. 3.12) with the exceptiainy forZ in early cycles at the
WSR-88D radar sites (Fig. 3.12a, b) and CASA #BSP and KSAO (Fig. 3.12¢,
f). Consistency ratio for Z was much higher at W8R-88D radar sites than at

CASA sites in both CNTL and NoCASA. Lower valudsconsistency ratio were
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observed fow; than forZ, with V, consistency ratio values of between 0.1 and 0.3
common for the CASA radars; WSR-88D sites KTLX ak¥NX vyielded V.
consistency ratios ranging from 0.2 to 0.3. Cadeaisy ratios forZ were higher,
ranging between 0.5 and 1.0 for WSR-88D radars,Ga2dénd 1.0 for CASA radars.
Very high values (greater than 2.0) of consistaatip for Z were present during the
first few assimilation cycles due to the very higilues of RMS ensemble spread for
Z at these times (see Fig. 3.12).

Values of consistency ratio in experiments NoCA&G#Al CNTL are slightly
lower than those seen in previous real data studieg a similar EnKF setup, such
as Dowell et al. (2004b). One can infer from thartipularly low values of
consistency ratio seen fof (Fig. 3.12) that a significant amount of under-drsmon
exists in the radial velocity field in both NOCAS#d CNTL. In this study, we
assumed an observation error standard deviation af ' for radial velocity
observations. The relatively small assumed observarror may be a contributing
factor in the low values of consistency ratio olkiedr In future studies, we will
consider increasing the assumed observation eord@ n s™for V,. Values of
consistency ratio foZ are also below 1, suggesting insufficient ensersplead in
the reflectivity field, but this deficiency is nas severe as that in the radial velocity
field. Dowell et al. (2009) addressed under-disiger in radial velocity by using
additive perturbations to the horizontal wind figfwever, initial tests for this case
including additive perturbations to the wind fieldi not show improvement in RMS
innovation for radar reflectivity and radial veltciobservations when compared

against analyses using multiplicative covariandition alone; further tests using
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perturbations with different perturbation magnitsidend scales will be explored in
future work on this case.

The difference in the consistency ratio time se(igg. 3.12) between CASA
and NoCASA forZ (and to a lesser exteNt) indicates that the under-dispersion is
slightly less severe in CNTL than in NOCASA, pautarly during early assimilation
cycles and at the WSR-88D radar sites (Fig. 3.tpa, Assimilation of CASA data
slightly decreases under-dispersion of radar ridiég within the ensemble; this is a
somewhat counter-intuitive result, as increasing #mount of data assimilated
usually results in decreased spread within therebkge This is likely to be due to the
way that initial perturbations are added. In thigdy, initial perturbations were
only added to grid points within 2 km in the hortal and 1 km in the vertical of
observed radar reflectivity exceeding a threshofd 50 dBZ, following the
methodology of Tong and Xue (2005). Because CNidludes CASA data in
larger in CNTL than in NOCASA, particularly at loevels where only CASA radar
data is available. Accordingly, the initial difeerce in RMS spread is greater for
CASA radars and very small for WSR-88D radars (RBig.0). The effect of this
slight difference in the initial perturbation regidades as assimilation cycles are
performed; by the end of the assimilation windowTCNhows smaller spread in the
later cycles due to faster spread reduction, aea&gd when assimilating more

observations.
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3.3.2 Impact of using a mixed-microphysics ensemble

In previous studies, using different parameteigzatschemes among
ensemble members (e.g., Meng and Zhang 2007) ashdding perturbations of
microphysical parameters within the ensemble (&g.et al. 2010) have been shown
effective in increasing ensemble spread and reduaimder-dispersion within the
ensemble. However, the use of multiple microphysidsemes for real-case storm-
scale radar data assimilation has, to our knowledge¢ been reported in the
literature. In this section, different microphysmshemes are used among ensemble
members and the effect on the analysis is invastiga Experiment NOMMP was
performed to evaluate the effect of using a mixedr-ophysics ensemble; NoMMP
differed from CNTL only in that it used Lin micropics for all members in the
ensemble forecast (see Table 3.1).

Time-series of RMS innovation and spread duringsinagation for
experiments CNTL and NoMMP are presented in Fit3 3orV; and Fig. 3.14 foZ.
Since the impact of the mixed-microphysics ensenibl@resent throughout the
model domain, RMS spread and innovation calculatisre not limited to the
CASA sub-domain (see Fig. 3.3a) for comparisonsvéeth CNTL and NoMMP.
Thus, unlike in the comparison between CNTL and ANSS&, calculations are
presented for all five WSR-88D radars in additiontite four CASA radars; data
from all these radar sites were assimilated in @NAL and NoMMP.

The impact of the mixed-microphysics ensemble onSRikhovation ofV,
(Fig. 3.13) is relatively small. The RMS innovatiof theV, analysis of CNTL is

slightly lower than that of NOMMP at KTLX during éHfirst five assimilation cycles
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(Fig. 3.13d); however farther to the west at resite KAMA (Fig. 3.13a), NOMMP
actually produces a slightly lower RMS innovatiam Y, during later cycles of the
assimilation period. At most sites no significdiiference in RMS innovation of,
can be seen. Likewise, RMS ensemble spread of virtually unchanged between

CNTL and NoMMP.
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Fig. 3.13: As Fig. 3.10, but for experiments CNbla¢k lines) and NOMMP (gray
lines).

In contrast toV,, differences between the RMS innovation and ensmb
spread ofZ in NoMMP and CNTL (Fig. 3.14) are much more promine

Compared to NoMMP, ensemble spreadZofn CNTL grows faster during the
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forecast step and remains higher during the arsabtep; greater ensemble spread is
consistently present in CNTL during forecasts amalyses than in NOMMP at every
radar site. Average RMS ensemble spread dtiring the forecast step decreases in
the first several cycles and remains largely corstluring the remainder of the
assimilation period. Average RMS ensemble spreddesafor Z at the end of
assimilation period range between about 3 to 5 dBEZNTL and between 1 and 4

dBZ in NoMMP.
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Fig. 3.14: As Fig. 3.13, but for experiments CNbla¢k lines) and NoMMP (gray
lines).
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Differences in the RMS innovation values of Z betw CNTL and NoMMP
(Fig. 3.14) are also noticeable but not as prontiasrdifferences in RMS ensemble
spread. Error in the forecast ensemble grows ngoiekly in CNTL than in
NoMMP, evidenced by a steeper increase betweenasalisis and the subsequent
forecast at every WSR-88D radar site, as membadrgy wdifferent microphysics
schemes arrive at varying solutions because oferdiffces in treatment of
microphysics processes. The faster growth of RiM®vation in CNTL (Fig. 3.14)
can be attributed in part to variation in reflettfivformulation between the Lin,
WSM, and NEM microphysical schemes—for this case, NEM microphysics
scheme greatly under-predicts the coverage ofifstrat rain, thus members using
the NEM microphysics scheme within the CNTL enserdit to increase the RMS
innovation during the forecast cycles. When inniovestatistics foZ were derived
for subsets of CNTL members using individual mid¢rggical schemes, the subset
consisting of NEM members within CNTL had the mospid increase in RMS
innovation ofZ during forecast steps, while the subset consistingin members
within CNTL had the slowest increase (not showrhlowever, despite the higher
RMS innovation values of present during the forecast step in CNTL, the RMS
innovation of the analysis @&in CNTL is equal to or lower than that of NoOMMP for
almost every analysis cycle at all radar sites. e @ireatest differences can be seen at
KAMA and KVNX, where CNTL produces analyses Bfwith an average RMS
innovation of between 0.3 and 1 dBZ lower than esponding analyses in NOMMP

for most of the assimilation period. At the CAS&dar sites differences between
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CNTL and NoMMP are more difficult to discern; aeie sites the two experiments

produced qualitatively similar RMS innovation amsemble spread time series.
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Fig. 3.15: As Fig. 3.12, but for experiments CNbla¢k lines) and NoMMP (gray
lines).
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Comparison of consistency ratio calculated for vid & for experiments
CNTL and NOMMP (Fig. 3.15) reveal that use of thixked-microphysics ensemble
results in a higher consistency ratio than the Isingcrophysics ensemble for Z
because of increased ensemble spread of radastigfiein the mixed-microphysics
case. In both CNTL and NoMMP the consistency ratiovr is well below 1.0,
ranging between 0.25 and 0.5 for WSR-88D radars Gfhdand 0.25 for CASA
radars. While the consistency ratio of Vr is \aity unchanged between CNTL and
NoMMP, the consistency ratio of Z is consideraliyhler in CNTL than in NoOMMP
at all radar sites throughout the assimilationqeeri Though the consistency ratio of
Z for CNTL still remains below the optimal value &f0 at most radar sites,
particularly late in the assimilation period, thgher consistency ratio values for Z
in CNTL suggest that CNTL exhibits significantlyste under-dispersion than

NoMMP (Fig. 3.15).
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Chapter 4: 8-9 May 2007—~Forecasts from EnKF RadaAnalyses

Since the inception of explicit numerical weatpezdiction (NWP) of severe
convective storms (Lilly 1990), assimilation of Ougr weather radar data has been
shown to be critical and often effective for inlizeng such model predictions (e.qg.,
Sun et al. 1991; Sun and Crook 1998; Xue et al326{u et al. 2006a). Recent
studies have produced promising results assimgjaidoppler radar data for
convective-scale NWP in real-time and over largeaios (e.g., Xue et al. 2008).
The ensemble Kalman filter (EnKF) technique, ifijiadeveloped by Evensen
(1994, 2003), has been gaining popularity as aact¥ie method of radar data
assimilation for storm-scale NWP (e.g., Snyder aiéng 2003; Dowell et al.
2004b; Tong and Xue 2005a; Tong and Xue 2008).

Though EnKF is more computationally expensive tlia@ 3-dimensional
variational method (3DVAR) widely used operatiogait provides flow-dependent
multivariate background error covariances and ecossriances that 3DVAR
cannot. Such cross-covariances are essentialdar data assimilation, because most
state variables are not directly observed (Tonganel 2005b, 2008). Additional
comments on the relative merits of various rad#a dasimilation methods including
3DVAR, 4DVAR (4-D variational) and EnKF for conveat storm analysis can be
found in Tong and Xue (2005b). As available corapahal power increases, it
will soon become feasible to run a real-time cotiveescale forecast system which
assimilates data via EnKF (Zhang et al. 2009) amdyres convective-scale

ensemble forecasts (e.g., Xue et al. 2008).
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Due to the chaotic nature of the atmosphere, amditable errors in
observations and prediction models, weather fotecalsvays contain uncertainty.
No forecast is therefore complete without a desiompof its uncertainty (NRC
2006), which is often expressed in terms of forecasobability. Ensemble
forecasting offers a practical way to provide abatalistic forecast (Leith 1974).
Global and regional ensemble forecasting has begesratonal for nearly two
decades (e.g., Toth and Kalnay 1993; Houtekamadr &096; Du et al. 2003; Bowler
and Mylne 2009); by comparison, convective-scakesible forecasting is still in its
infancy (Kong et al. 2006; Xue et al. 2011). Cornixecscale weather poses a greater
prediction challenge due to its intermittent natsraaller spatial and temporal scale,
higher nonlinearity, and often due to incompletesesbation coverage; these
challenges increase the forecast uncertainty, rgagiobabilistic forecasting even
more crucial (Stensrud et al. 2009; Xue et al. 2011

EnKF provides a set of analyses that, in pringiflest characterize the
analysis uncertainty, making them desirable inttiahditions for ensemble forecasts
(and ensemble-based probabilistic predictions)hatglobal scale, ensembles using
EnKF analysis initial conditions have shown supenwobabilistic forecasting
performance compared to those using more traditiggeturbation methods
(Houtekamer et al. 2005; Hamill et al. 2011). Enk€thods have proven effective in
generating dynamically consistent wind, temperatarel microphysical fields for
convective storms when assimilating Doppler raddlectivity and radial velocity
data (e.g., Dowell et al. 2004b; Tong 2006; Snoblale 2011) but probabilistic

forecasts at the convective scale using EnKF aeslyms so far received limited
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attention. Zhang et al. (2010) is an example witeresection-permitting-resolution
ensemble forecasts of a tropical cyclone weresaiiggd from global EnKF analyses.
In this chapter, we detail the results of deterstim and ensemble forecasts
produced from the EnKF analyses of the 8-9 May 2@@hadic mesoscale
convective system presented above in Chapter 3 th# goal of evaluating the
suitability of EnKF analyses of radar data forializing an ensemble for the short-
term convective-scale probabilistic forecast gadlSvarn-on-forecast” (Stensrud et
al. 2009). We use the neighborhood ensemble pildgalfNEP) approach
(Schwartz et al. 2010) described in Chapter 2 t@minbprobabilistic forecasts of
radar reflectivity, and an object-based ensemblercgeh to obtain probabilistic
forecasts of near-surface meso-vortices. The vafuassimilating X-band radar
data by the Engineering Research Center for Caldive Adaptive Sensing of the
Atmosphere (CASA) NicLaughlin et al. 2009) for improving the forecasts is
evaluated, and the impact of microphysical paranzetigon during analysis and

forecast periods is examined.
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Fig. 4.1: Storm Relative Velocity as observed kg itb degree elevation scan of
WSR-88D radar KTLX at 04:00 UTC (upper left), 0Z2@pper right), and 04:40
UTC (lower left). Urban and county boundaries anewn.

We will begin by analyzing the results of the detmistic, ensemble, and
probabilistic forecasts of radar reflectivitg)(for CNTL, NoOMMP and NoCASA,
and then move on to the results of ensemble arshpilistic forecasts of significant
near-surface mesovortices. With regards to thdcehof focus,Z was chosen

because it can be directly verified against WSR-88Bar observations over the

entire area of the convective system, while lonelemesovortices were closely co-
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located with the observed tornadoes in this evasitcan be noted from the match
between the location of rotational signatures osawertices in the KTLX storm-

relative velocity observations (Fig. 4.1) and tlenadoes reported in association
with them (see Fig. 3.1). We will also address ingmt differences between the
deterministic forecast from the ensemble mean édmd nhean of the ensemble
forecast. Finally, we will discuss the effects afiation of the model microphysical
scheme, both for the deterministic forecasts frobe@G200 UTC CNTL analysis and
the single- and mixed-microphysics ensemble fotecgerformed for CNTL,

NoMMP, and NoCASA.

4.1 Forecast experiment setup and design

In the ensemble forecast experiments presentettisnchapter, the EnKF
ensemble analyses presented in Chapter 3, validagt UTC 9 May 2007, are used
to initialize 3-hour ensemble forecasts. The megélip and naming convention used
for these forecast experiments are identical tedhpresented in Chapter 3. The
computational domain has 256 x 256 x 40 grid powith a 2 km horizontal grid
spacing and stretched vertical grid spacing (sep &i2). Results from three
ensemble forecast experiments are presented hefée control experiment
(hereafter “CNTL") assimilates both CASA and WSR28fadar data and contains
40 ARPS ensemble members; 16 of these use thedimicrophysical scheme (Lin
et al. 1983), 16 use the WRF single-moment 6-c(#8SM6) ice microphysics
scheme (Hong and Lim 2006), and the remaining 8 loeesnuse the NWP explicit

microphysics (NEM) scheme developed by Schultz %199 The second
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experiment, NOMMP, assimilates the same data as LCHuit uses the Lin
microphysics scheme in all 40 of its ensemble membé€he third experiment,
NOCASA, uses the same ensemble setup as CNTL a# dot assimilate CASA
data.

To isolate the impact of using a mixed-microphysicsemble during the
forecast period, two more ensemble forecast exgerisnare run in addition to the
three mentioned above. Experiments CNTL_LIN an€NSA_LIN are initialized
from the CNTL and NoCASA initial conditions (respigely), but use a single-
microphysics forecast ensemble consisting of 40 8RRembers using the Lin
microphysics scheme, as in NOMMP. In all experiteen reduced rain intercept
parameter of 8xFOvas used, consistent with Snook and Xue (2008, fatind that
reducing the rain intercept parameter yielded nmeaistic cold-pool structure.
Lateral boundary conditions for all ensemble memlage obtained from the NCEP

NAM 6-hourly analyses and intervening 3 hour fostsa
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Fig. 4.2: Forecast domain used in forecast expentmdor the 9 May 2007 case
initialized from analyses obtained in the experiteepresented in Chapter 3.
Terrain height, in meters above mean sea levelindscated by the grayscale
shading. 40 km CASA radar range rings are incluflmdreference. The black
box in the northeast portion of the domain dendtes extent of the forecast
verification sub-domain used in calculation of foast skill scores.

In all ensemble members, a reduced rain intercapnpeter of 8x10was
used, consistent with Snook and Xue (2008), whadothat reducing the rain
intercept parameter yielded more realistic coldmdaucture. A timeline for these
experiments is presented in Fig. 4.3. Each ensefol#cast experiment uses, as its
initial condition, the final ensemble analyses a@0@ UTC of the corresponding

EnKF data assimilation experiment (i.e., CNTL, NoMr NoCASA).
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Fig. 4.3: Forecast diagram detailing the analyaisd forecast periods for
experiments CNTL, NoMMP, and NoCASA.

Forecast verification is performed for radar retilgty at 0300, 0400, and
0500 UTC, and for low-level meso-vortices at 040420, and 0440 UTC; the latter
times correspond closely to tornado reports recedwging this event at 0354, 0426,
and 0443 UTC (see Fig. 3.1). Given the 2-km hatiab grid spacing used,
tornado-scale circulations cannot be resolved, veeefore focus on prediction of
resolvable low-level circulations linked to the ebged tornadoes, rather than on the
tornadoes themselves. With the 2-km horizontal gpdcing used, the mesovortices

that were present in this case can be resolved.

4.2 Deterministic forecast experiments

While this study focuses primarily on ensemble dasting, it is often
valuable to perform a deterministic forecast frdm ensemble mean of the initial
conditions. Such deterministic forecasts are preduor each experiment from the
ensemble mean analyses valid at 0200 UTC, usingithenicrophysical scheme in

the forecast model. Given that the choice andigordtion of the microphysical
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parameterization scheme is known to greatly affeetforecast solution (Dawson et
al. 2009), particularly with regard to convectivgndmics (Snook and Xue 2008),
two additional deterministic forecasts are launcfieth the ensemble mean analysis
of CNTL, one using the WSM6 microphysics scheme and using the NEM
microphysics schemes; these forecasts are calledL@X and CNTL-N,

respectively.

4.2.1 Deterministic predictions of radar reflectivity

Deterministic forecasts of radar reflectivity andbribontal winds at
approximately 2 km above ground level are displayefbr forecasts valid at 0300,
0400, and 0500 UTC from CNTL (Fig. 4.4a, e, i), NdM™ (Fig. 4.4b, f, j), and
NoCASA (Fig. 4.4c, g, k). Also plotted are mosaafsobserved radar reflectivity
from the WSR-88D network at the corresponding tirfreghtmost column of Fig.
4.4). All experiments predict a MCS with a linedexortex (LEV) that moves
northeast through the CASA domain by around 0400CUFig. 4.4). In all
experiments, the convective line moves more slawln in observations, with the
greatest position error occurring after 0400 UTQhe general structure and
strength of the northern portion of the convectivee remains reasonably well-
predicted even by 0500 UTC, though the southertiguoof the line dissipates more
quickly in the forecasts than in the observatidfig.(4.4i-1).

Though the convective mode is predicted rathel, wedre is noticeable error
in all experiments with regard to the convectivees extending to the south and

southeast. WSR-88D observed two convective lisss@ated with the system (see

64



Fig. 4.4d, h, I): a stronger leading convectives licontaining the main bow-echo,
initially oriented from northwest to southeast (Fiy4d) then later oriented more
north-south (Fig. 4.4h), and a second weaker liheamvection and stratiform
precipitation oriented from north-northeast to sesuthwest, approximately 50-100
km behind the leading convective line. While modellectivity in the initial
conditions of all three experiments generally mascivell with WSR-88D composite
reflectivity observations at 0200 UTC (Fig. 3.4)e tsubsequent forecasts (Fig. 4.4a-
c, e-g, i-k) have only a single convective linesitioned roughly along the axis of
the trailing line in the WSR-88D observations. d$Hine is present in all
experiments, and is most intense in NOMMP, paridyllater in the forecast (Fig.
4.4i, j, K). The convective line moves eastward englowly in the forecasts than in
the observations, possibly due in part to an ursienation of the intensity of the
LEV during the later portion of the forecast periad will be discussed later. Error
in the mesoscale environment surrounding the cdiveesystem probably also plays
a role; because no data is assimilated outsideatt@ echo region, environmental
errors present in the NAM analysis background canop® reduced by data
assimilation. This issue is addressed in the resii#it will be presented in Chapter 5

via assimilation of conventional observations.
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To more quantitatively evaluate the determiniséfiectivity forecasts, the
Equitable Threat Score (ETS), also known as thee®ilSkill Score (GSS) (Schaefer
1990), is calculated for radar reflectivity duritige forecast period using thresholds
of 25 (Fig. 4.5a) and 40 dBZ (Fig. 4.5b). ETS adcalated on model vertical grid
level 10 (slightly more than 2 km above the surfagi¢éhin a verification sub-domain
(shown in Fig. 3.3) chosen to focus on the regitrene the impact of CASA radar
data on the forecast is likely to be significanthe LEV and its accompanying
tornadoes pass through this sub-domain during ¢inecést period. Unlike the
critical success index, also known as the threatesfvilks 2006), the ETS is less
sensitive to event climatology and thus does nsfgasunduly poor scores for
forecasts of rare events (Schaefer 1990), althaggyles do exist in the verification
of high-resolution precipitation forecasts usingE{Baldwin et al. 2001; Ebert
2008). Possible values of ETS range from -0.33.() with 1.0 representing a
perfect forecast and 0.0 indicating a forecast watlskill. ETS is commonly used for
accumulated precipitation verification; we apphhére to instantaneous reflectivity
fields with the understanding that instantaneoafldi are much more sensitive to

timing errors than accumulated fields.
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Fig. 4.5: Time-series of equitable threat score$$E) calculated between a mosaic
of WSR-88D reflectivity observations and deterntimfsrecasts from experiments
CNTL, NoMMP, and NoCASA at vertical grid level B@&(approximately 2 km
above ground level) for thresholds of (a) 25 dBd ér) 40 dBZ. Calculations
were performed over the verification sub-domaindated by the black outline in

Fig. 4.2.
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The ETS is considerably higher at the 25 dBZ troks(Fig. 4.5a) than at the
40 dBZ threshold (Fig. 4.5b) at all times in alpeximents. The 25 dBZ threshold
includes both stratiform and convective precipaatiregions, while the 40 dBZ
threshold includes only heavier precipitation agged with convective cores; these
small convective cores are much more sensitivenalgerrors in position and timing
than the widespread stratiform precipitation regialso present in this case (see Fig.
4.4). In general, ETS tends to be lower for smdhactional area coverage within a
verification domain. ETS at the 25 dBZ thresholdth initial conditions (0200
UTC; forecast time zero in Fig. 4.5a) is approxiehat0.76 in all three
experiments—this relatively high value of ETS umsgeres the overall good quality
of the EnKF ensemble mean analysis. The ETSs @@ Q2TC for the 40 dBZ
threshold (Fig. 4.5b) are lower but still show ddesable skill, with values ranging
from 0.34 for NoCASA to 0.36 for CNTL.

During the forecast period, the 25 dBZ thresholdSEscores (Fig. 4.5a)
decline modestly during the first 80 minutes theefast, falling from an initial value
of approximately 0.77 in all experiments to betw8et8 (for NoMMP) and 0.53 (for
CNTL) at 80 minutes of forecast time. While NoMMs a similar or slightly
lower ETS than CNTL at the 25 dBZ threshold afteé@@ UTC, during the first hour
of the forecast, NOMMP actually has a slightly @ghieTS than both CNTL and
NOoCASA. The initially lower ETS values of NOCASAd CNTL for the 25 dBZ
threshold can be attributed to the influence ofeertde members using the NEM
microphysics scheme during the EnKF data assimilgtirocess that generated the

ensemble mean analysis from which these forecast® witialized; ensemble
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members using the NEM microphysics scheme greatigenpredicted the
geographic extent of stratiform precipitation withhe MCS, leading to a deficiency
in low to moderate reflectivity areas in the CNThdaNoCASA ensemble mean
analyses; this deficiency remains present durieditet 30 minutes of the CNTL and
NoCASA forecasts (not shown). This initial redoatiof ETS in CNTL and
NoCASA is only present at weak to moderate reflégtithresholds; at a higher
threshold of 40 dBZ (Fig. 4.5b) this trend is afijuaeversed, with CNTL and
NoCASA consistently producing higher ETS valuesith@MMP during the first 60
minutes of the forecast.

After 0320 UTC (80 minutes of forecast time), 25ZdBTS scores in all
experiments remain comparable to one another aclthdesteadily for the remainder
of the forecast period, falling to approximatelg®by 0400 UTC, and to below 0.1
by 0500 UTC. Development of spurious convectioarnand within the CASA
domain after 0300 UTC (see Fig. 4.4) contributgsificantly to this decline. In all
experiments, 40 dBZ ETS scores (Fig. 4.5b) declimedt rapidly during the first
hour of the forecast period, dropping from theitiah values of between 0.34 and
0.36 at 0200 UTC to between 0.14 and 0.17 at 030C,Uhen declining only
modestly afterward, falling only to slightly belddv10 by 0500 UTC. In addition to
the negative impact of spurious convection thatetiged near the CASA network,
the relatively low ETS values later in the forecpstiod can also be attributed to
modest position errors in the location of the heawgvective cores in the forecasts

(see Fig. 4.4); as mentioned earlier, even in aratipnally-useful forecast, small
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position errors often result in very low skill sesrwhen verifying isolated features

using ETS (Baldwin et al. 2001; Schwartz et al.200

4.2.2 Evolution of the MCS and LEV in the deterministic forecasts

All experiments underestimate the strength of ltB%/, particularly during
the last hour of the forecast period, contributiogorecast error in the convective
lines in southern and central Oklahoma and nortAexas (see Fig. 4.4i-l). To
more closely examine the evolution of the LEV dation and its associated
convection, time-height plots of (horizontal plangximum vertical vorticity within
the verification sub-domain (the black outline img.F1) are calculated for the
deterministic forecasts of CNTL (Fig. 13a), NoMMHd. 13b), and NoCASA (Fig.
13c). Similar time-height plots of maximum updre#ocity are presented in Fig.
14.

During the EnKF assimilation of radar reflectivand radial velocity data, at
5 minute intervals between 0100 and 0200 UTC, marinvertical vorticity values
decrease throughout much of the troposphere deawt forecast step, particularly
at the lower levels (Fig. 3.6); the forecast madalnable to adequately sustain the
intensity of circulation observed in the LEV. D#spmodel deficiency (due to
resolution, etc.), the inclusion of CASA radar aladions in CNTL reduces the
underestimation of LEV intensity in the forecastpstas compared to NoCASA.
During the forecast period (Fig. 4.6), the maximwmrtical vorticity values
associated with the LEV remain relatively steadyd are similar to those seen

during the forecast steps of the analysis peridly contrast, Schenkman et al.
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(2011), who performed deterministic forecasts aof thase based on 3DVAR
analyses, noted that the observed LEV intensifieticeably during the forecast
period, reaching its peak intensity between 04080 @530 UTC. The LEV was
discernable in Oklahoma Mesonet surface obsensa@br®510 and 0520 UTC (not
shown) as a well-defined surface circulation witbuad 25 m $ of horizontal shear
(Schenkman et al. 2011). The LEV is present in @80 UTC deterministic
forecasts (Fig. 4.4i-k), but it is weaker the LEbserved by the Oklahoma Mesonet,
and located slightly farther north (Fig. 4.4i-)The maximum vertical vorticity
within the verification sub-domain is higher in CN&nd NoMMP than in NoOCASA
(Fig. 4.6), particularly between 0200 UTC to 0400QJin the lowest 6 km of the
atmosphere, indicating that CASA data assimilatetiveen 0100 and 0200 UTC
contributed to greater sustained intensity of tB&lin the forecasts.

Several factors likely contributed to the undenestion of the intensity of the
LEV in the model. Mesonet and surface observatasasot included in our EnKF
assimilation process; Schenkman et al. (2011) foimede observations useful in
improving their 3DVAR analyses of this event. biddion, the relatively coarse 2
km grid spacing used in this study limits the apibf the model to resolve smaller

convective-scale processes.
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Fig. 4.6: Time-height plot of maximum vertical \icity (s*) within the forecast
verification sub-domain (depicted by the blackioetin Fig. 4.2) during the forecast
period for deterministic forecasts of (a) CNTL, lHMMP, and (c) NoCASA. Time
is denoted in seconds since forecast initializatiod ranges from 7200 s (0200
UTC), which corresponds to the end of the analysi#od, to 18000 s (0500 UTC).
Height above the surface is shown in kilometers.
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Fig. 4.7: As Fig. 4.6 but for maximum updraft véfp¢m s').

Despite the underestimation of LEV intensity, sgotonvective updrafts
were maintained in all experiments from the begigrof the forecast at 0200 UTC
until approximately 0420 UTC (Fig. 4.7); after thime the peak updraft velocity
decreased considerably. Peak updraft speed in GMiIGLNOCASA (Fig. 4.7a, c)
occurred around 0240 UTC, while peak updraft speecurred slightly earlier,
around 0220 UTC, in NOMMP (Fig. 4.7b). Variatiohpeak updraft intensity with
time is similar in CNTL and NoCASA (Fig. 4.7a, 8oth have similarly-timed peak
updraft velocities and show five similar distincexima in updraft speed, occurring
in CNTL around 0220, 0240, 0300, 0320 and 0345 HiG. 4.7a), and in NoCASA
at around 0215, 0245, 0305, 0325, and 0345 UTC.drdfp speed maxima in
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NoMMP (Fig. 4.7b) do not correspond well to those GNTL and NoCASA,
particularly late in the forecast period; in NoMNtiere are only three discrete peaks
in updraft intensity, occurring at 0220, 0245, &340 UTC. The second and third
peaks are much weaker than those in CNTL and NoCA®® maximum updraft
speed is also quicker to decrease in NOMMP, asacit by the lower peak updraft
intensity in NOMMP between 0330 and 0420 UTC (Hgdl). The similarity of
CNTL and NoCASA and the relative difference of NofMMuggest that during the
forecast period, evolution of convective updrafss relatively sensitive to the
microphysical makeup of the ensemble during the FEuliéta assimilation process,
but only weakly sensitive to inclusion of CASA dataring the assimilation period.
Previous studies by Dawson (2009) and Snook and(2@@8) found that the choice
of microphysical scheme and parameter settings tlgrampact forecasts of
convective storms. These results suggest redsenog in the forecasting model is
at least as important as providing low level dad@ecage in addition to existing
WSR-88D radar network observations, at least ferdhrrent case using the given

data assimilation and forecasting systems.

4.2.3 Effects of microphysical parameterization in the deterministi forecasts

To further examine the effects of microphysicalapaeterization on the
deterministic forecasts, we performed two additia®erministic forecasts from the
0200 UTC ensemble mean analysis of CNTL using th&8M& and NEM
microphysical schemes. To distinguish these emparis from the deterministic

forecasts discussed earlier, we label the forecasisg the WSM6 and NEM
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schemes CNTL-W and CNTL-N (respectively). Foreaastar reflectivity fields
and horizontal wind vectors at vertical model le¥@lare plotted at 0500 UTC and
compared with the deterministic forecast of CNTLd amth WSR-88D observed
reflectivity in Fig. 4.8.

While all three deterministic forecasts feature isimpositioning of the
northern portion of the MCS (Fig. 4.8a-c), the hontal extent of lighter
precipitation (between 10 and 30 dBZ) is considgrgbeater in CNTL and CNTL-
W (Fig. 4.8a, b) than in CNTL-N Fig. 4.8c). Allrtee forecasts underestimate the
coverage of the lighter precipitation to some ektdpee Fig. 4.8d); this
underestimation is least in CNTL (Fig. 4.8a), amdagest in CNTL-N (Fig. 4.8c).
The 2 km horizontal wind fields are similar over chuof the domain in all three
experiments, with southwesterly flow dominating inehthe MCS, though notable
differences exist in the region of the LEV; the LE/strongest and best defined at
this level in CNTL (Fig. 4.8a), and weakest and tmsorly defined in CNTL-N.
All experiments show a LEV weaker than that suggesty the Oklahoma mesonet
observations cited in Schenkman et al. (2011). u@hoall three microphysics
schemes used are single-moment ice microphysiosnet) the Lin and WSM6
schemes attempt to accurately model various commexersions between ice and
liquid hydrometeor classes, while the NEM micropbgs scheme includes
simplified conversion processes for better comparat efficiency (Schultz 1995).
Despite reduced computational cost of the NEM se&hdimdoes not appear to be

well-suited for the case investigated here.
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Fig. 4.8: Deterministic forecasts of reflectiv{ghaded) and winds (vectors) at
model grid level 10 (approximately 2 km above goblavel) at 0500 UTC for

experiments (a) CNTL-L, (b) CNTL-
location of the observed line-end vortex at 050@CUT

reflectivity as observed by the WSR

same model grid level.



4.3 Ensemble and probabilistic forecasts

We begin by presenting the results of ensemblepapioabilistic forecasts of
radar reflectivity Z) for CNTL, CNTL_LIN and NoMMP. Radar reflectivity,
closely linked to precipitation, is a field of metelogical interest that can be directly
verified against WSR-88D radar observations overdhtire area of the convective
system. When verifying radar reflectivity foreasemphasis is placed on the
impact of the microphysical makeup of the enserdbléng the analysis and forecast
period, since the impact of CASA data is limitedad¢r forecast times and at greater
distances from the CASA domain. Ensemble and jmibsic forecasts of low-
level vortices are then analyzed; near-surface raedaces were closely co-located
with the observed tornadoes in this event, as detraied by the proximity of
rotational signatures in the KTLX storm-relativediad velocity observations (Fig.
4.1) to the tornadoes reported in association thigm (Fig. 3.1). Both the impact of
assimilating CASA data and the use of mixed-micysts during the analysis and
forecast periods are considered in evaluating é@mpnance of the ensemble meso-

vortex forecasts.

4.3.1 Probability-matched ensemble mean radar reflectivity

In ensemble forecasting, particularly at the cotivecscale, averaging the
individual ensemble members to produce ensemblenrfiekls for precipitation-
related variables (such as radar reflectivity) ofteads to a smoother distribution
with increased geographic extent and a low biastensity. To counteract the low-

bias tendency in the ensemble mean, it is ofteirat#s to reassign the values of
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precipitation-related fields using values from tdoenponent ensemble members used
to compute the mean; the result of this procesertERO0L) is the probability-
matched (PM) mean. The PM mean is a useful toofdrecasters, producing a
single “best estimate” deterministic forecast fram ensemble of forecasts; such
ensemble-mean products for precipitation fieldemfutperform most or all of the
ensemble members used to produce them (Ebert 208M. mear¥ is calculated at
approximately 2 km above the surface at 1 (Figa4) 2 (Fig. 4.9e-g), and 3 (Fig.
4.9i-k) hours of forecast time for CNTL, CNTL_LINMnd NoMMP, and compared
with Z as observed by the WSR-88D radar network andpalated to the model
grid at the corresponding times (Fig. 4.9d, h, I).

In all experiments, the dominant convective mode predicted with
reasonable success (Fig. 4.9); the forecast eneemrkdict a large mesoscale
convective system with a trailing convective line & similar location to the
corresponding features in the WSR-88D observat{@ig 4.9d, h, I). There are
noticeable errors in the PM mean forecasts, howeweparticular, the leading
convective line, extending southeast from the megibthe LEV in the observations
(Fig. 4.9d, h, I) is not captured in the forecasteamble. In addition, the southern
portion of the trailing convective line decays tpackly in the ensemble forecast at
0400 UTC and beyond in all forecast experimentg.(#9b-c, f-g, j-k). Because of
the prevailing south and south-southwesterly flawirty this case, the decay of the
southern portion of the trailing convective linendiely be attributed to domain-

boundary interaction in proximity to the southeoubdary of the model domain.
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Fig. 4.9: Probability-matched ensemble mean forexatreflectivity (shaded) at
model grid level 10 (approximately 2 km above gblavel) at (a-c) 0300 UTC, (e-
g) 0400 UTC, and (i-k) 0500 UTC for CNTL, CNTL_L#Kd NoMMP. Also shown
is reflectivity observed by the WSR-88D netwotterpolated to the same model grid
level at (d) 0300 UTC, (h) 0400 UTC, and (I) 0500QJ The center of the line-end
vortex in the observations is indicated by the blaarker in panels (d), (h), and (1).

The Lin microphysics scheme, used in all 40 memlwérsghe NoMMP
experiment during both the analysis and forecastiog® produces greater

precipitation coverage than NEM and WSM schemesgHisr case (not shown). In
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addition, the reduced spread among NoMMP ensemébtebars as compared to the
CNTL ensemble, results in much less variation isitian (and thus higher ensemble
mean values) in the trailing line, resulting in armintense trailing line in the PM
mean (Fig. 4.9i-k). In contrast, CNTL, used a rmdixeicrophysics ensemble
containing members from the WSM-6 and NEM microptalsschemes, both of
which favored solutions with less light precipitati Combined with exhibited
greater variation among ensemble members, thetrissal PM mean field with a
weaker trailing line and less extensive regionigbiter precipitation in the northern

portion of the system in CNTL (Fig. 4.9a-c).

4.3.2 Probabilistic reflectivity forecasts
Fast error growth and high levels of uncertaingnfrvarious sources make
probabilistic forecast products potentially veryluadble at the convective scale.

Using a NEP method, as described in chaptel Z, #40 dBZ] (Fig. 4.10) and [”Z

> 25 dBZ] (Fig. 4.11)are calculated at 0300, 0400, and 0500 UTC for CNTL
CNTL_LIN, and NoMMP, and are compared with the esponding reflectivity
contour observed by the WSR-88D network. A neighbod radius of 5 km was
used, resulting in a neighborhood consisting op@ihts in each ensemble member;
thus, for the 40 member ensemble, the ensembleadgborhood consists of 840
forecast values.

The observed 25 dBZ threshold (the thick contoufign 4.10) encompasses
large areas, including the entire region surrounde LEV circulation and much of

the convective line extending to the south andtseest; areas with a high NEP of
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reflectivity exceeding 25 dBZ closely match regiombere observed reflectivity
exceeds 25 dBZ over the northern portion of thdesysthroughout the forecast
period (Fig. 4.10), though the forecast precipiatiegion does not extend quite as
far north and east as in observations at 0300 400 TC. The presence of the
trailing convective line to the south and southwisststrongly indicated in the
probabilistic forecasts, particularly in the NoMMiAsemble (Fig. 4.10d-f), though
the decay of the southern portion of the line dised in section 3a is evident in all
experiments. The greater coverage of light pretipn in members using the Lin
scheme and less variation among ensemble memisels irea large region of very
high probability associated with the trailing limNoMMP, particularly at 0400 and

0500 UTC (Fig. 4.10h, i).
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Fig. 4.10: Neighborhood ensemble probabilities (&) of reflectivity exceeding 25
dBZ, H Z > 25 dBZ, at model grid level 10 (approximately 2 km abthe

surface), in an area surrounding the CASA domanCINTL at (a) 0300 UTC, (b)
0400 UTC, and (c) 0500 UTC, CNTL_LIN at (d) 030030/J7e) 0400 UTC, and (f)
0500 UTC, and NoMMP at (g) 0300 UTC, (h) 0400 Uad (i) 0500 UTC. The

25 dBZ radar reflectivity contours observed by Wi8R-88D radars at the same time
are in bold black contours.
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Fig. 4.11: As Fig. 4.10, but for[Z > 40 dBZ and the 40 dBZ radar reflectivity
contour.
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The 40 dBZ threshold is exceeded only in smallaliged areas in the WSR-
88D observations (the single thick contour in Fgll), in individual convective
elements within the core of the LEV and the leadingvective line. Regions near
the LEV (c.f. Fig. 4.9d, h, I) where observed radeftectivity exceeds 40 dBZ are
found in regions of moderate to high NEP (Fig. #.Hlthough observed regions
exceeding 40 dBZ in the leading convective line largely missed by the forecast
ensembles. Particularly at later forecast timdsexgeriments strongly overestimate
the geographic coverage of 40 dBZ echoes, duerintpapurious convection that
develops near the CASA radar network (Fig. 4.11ci).f The causes of this
spurious convection are considered below in sedli@d3. The intensity of the
trailing convective line extending southeast andtisof the CASA domain into
north-central Texas (Fig. 4.11) is also overestatamoderate to high NEP values
are present in areas where no reflectivity excepdid dBZ was observed. The
ensemble adequately forecasts many of the larde-seflectivity features of the
system (Fig. 4.10), but a combination of positiomoe intensity error, and
development of spurious convection limits forecdsHl for smaller-scale convective
structures (Fig. 4.11). This result is consisteitih the fact that smaller-scale features
have shorter ranges of predictability (Lorenz 1969)

To more quantitatively evaluate the skill of the NEorecasts of radar
reflectivity, we next examine their performancengsiwo skill-score metrics: the
relative operating characteristic (ROC) skill scvasonandGraham1999), and the

Brier score (Brier 1950). The ROC skill score (R&Xderived from the area under
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the ROC curveNasonandGraham1999), and is given byRSS= 2A.,.— 1, where

Arocis the area under the ROC curve. The RSS has armaxvalue of 1.0 for a
perfect probabilistic forecast, and a minimum aD;lwith scores at or below 0.0
indicating forecasts with no skill. The ROC measuhit and false alarm rates at
varying probability thresholdsviason and Graham1999); thus RSS is a summary
statistic providing information on the resolutiohtbe probabilistic forecast system.
RSS is calculated for forecasts of reflectivity @xding 25 dBZ at grid level 10, over
the entire model domain (Fig. 4.12a), as well asrdiie verification sub-domain
(Fig. 4.12b) located within and downwind of the GA&&dar network (see Fig. 4.2).
In all experiments, the RSS is considerably highear the verification sub-domain
(Fig. 4.12b) than over the entire domain (Fig. 4)1Because of error associated with

the trailing convective line south and southwedhef CASA network.

(a) (b) gom-"

O NoCASA_LIN
W NoCASA

NoMMP

0300 UTC 0400 UTC 0500 UTC 0300 UTC 0400 UTC 0500 UTC

Fig. 4.12: ROC skill score for 1-, 2-, and 3-hoardcasts of radar reflectivity at the
25 dBZ threshold on vertical grid level k = 10 ¢$lily more than 2 km above mean
sea level) calculated over (a) the entire horizbmadel domain and (b) the ETS
verification sub-domain as depicted by the blactimei in Fig. 4.2.
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All forecast ensembles show considerable skill ane¢asting reflectivity
exceeding 25 dBZ. The 1-hour ensemble forecastigd(at 0300 UTC) show the
greatest skill, with verification sub-domain RS&sging from 0.84 to 0.89. RSSs
steadily decrease between 0300 and 0500 UTC (Hig),Avith domain-wide values
(Fig. 4.12a) remaining slightly lower than thoseeothe verification sub-domain
(Fig. 4.12b). The minimum RSS of 0.40, obtained NmCASA_LIN on the full
domain at 0500 UTC, corresponds to an area unéeR@C curve of 0.70; a ROC
area of 0.70 is often considered to be the lowentddor a skillful forecast (Buizza
1997; Kong et al. 2011), thus all experiments poeduskillful 1, 2, and 3 hour NEP

forecasts for regions & exceeding 25 dBZ.
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Fig. 4.13: RMS innovation and ensemble spread daraeflectivity for three sub-
ensembles, each containing members using the sacnephysical scheme, within
the CNTL experiment. The sub-ensembles congik} thfe 16 Lin members, (2) the
16 WSM-6 members, and (3) the 8 NEM members vBIRIFL, respectively.

NoMMP has the highest domain-wide RSS (Fig. 4.12epughout the
forecast period and the highest RSS within thefieation sub-domain (Fig. 4.12b)
at 0300 and 0400 UTC; at 0500 UTC, however, NoMMRally has the lowest RSS

in the sub-domain, while CNTL_LIN has the higheskor this case, ensemble

members using Lin microphysics showed, on aversigghtly better agreement with
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observedZ than members using WSM6 or NEM microphysics. WREC skill
scores are calculated for three sub-ensembles nwi@WNTL, grouped by the
microphysics scheme used, the Lin sub-ensembleupesdthe highest RSS, while
the NEM sub-ensemble produces the lowest (Fig.)4.1Similarly, within the
verification sub-domain, RSSs decrease more slovitly time for CNTL_LIN and
NoCASA_LIN than for their mixed-microphysics courgarts CNTL and NoCASA
(Fig. 4.12b). The slightly improved RSS performans CNTL_LIN and
NoCASA_LIN at later times appears to be in part tuslightly faster movement of
the trailing convective line, in better agreemerthwobservations. These results
suggest a positive impact of using a mixed-micrgptsy ensemble during the
assimilation period, but slightly improved forecgs&rformance when using a Lin-

only ensemble during the subsequent forecastast fer this case.

0.35 0.35
(a) =R (b)

0.3 CINoCASA_LIN 0.3 —
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NoMMP

0.2 0.2 —

0.15 0.15 — —

- M N N 1 N N )
0 T T | 0 - T T |
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Fig. 4.14: As Fig. 4.12 but for Brier Score.
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The Brier score (Brier 1950), another metric comimaised in probabilistic
forecast evaluation, measures both forecast bidsuakertainty by verifying the
forecast probability at each point against the nlexkbinary realization of the event
at that point (1 if the event occurred, O if it didt). Possible values of Brier score
range from O to 1, with lower values indicating teetagreement of the forecast
probability with the observed binary outcome. A8hwRSSs, Brier scores are
presented for forecasts of radar reflectivity exiveg 25 dBZ over the full model
domain (Fig. 4.14a) and over the verification soladin (Fig. 4.14b). Because
correctly forecasting non-events improves the Bsore, full domain Brier scores
(Fig. 4.14a), which include large clear-air regianger western Oklahoma and the
panhandle of Texas, are significantly lower (bgttlkan Brier scores calculated over
the verification sub-domain (Fig. 4.14b).

Domain-wide Brier scores range from between 0.0¥ @09 at 0300 UTC,
increasing modestly to between 0.11 and 0.14 by 030C (Fig. 4.14a). Brier
scores over the verification sub-domain increaseenguickly and are somewhat
higher (worse) at later times. Factors negativeipacting the Brier score included
development of spurious convection near and sowghofehe CASA radar network,
particularly at later times and particularly in NM®, as well as underestimation of
the extent of the stratiform precipitation regiam the ensemble (see Fig. 4.9),
particularly in CNTL and NoCASA. Brier score detedtes most quickly in
NoMMP, which has the lowest (best) Brier score a0® UTC, but the highest
(worst) at 0500 UTC both on the full domain andhivitthe verification sub-domain

(Fig. 4.14). Compared to their mixed-microphysicsunterparts CNTL and
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NOCASA, Brier scores for CNTL_LIN and NoCASA _LINeslightly worse at 0300
and 0400 UTC, but nearly identical at 0500 UTC (F#4l4). The worse
performance of NOMMP at later forecast times suggésat increased spread in
hydrometeor fields during data assimilation in thized-microphysics ensembles of
CNTL and NoCASA may be beneficial in improving patiiistic forecasts of fields
closely related to hydrometeor distribution, sushradar reflectivity. The faster
deterioration of the Brier scores of the mixed-mpdrysics forecast ensembles
(CNTL and NoCASA) as compared to those of theirglginmicrophysics
counterparts (CNTL_LIN and NoCASA LIN), suggest tthasing a mixed-
microphysics ensemble that contains poorer-perftgmscheme(s) during the
forecast period can negatively impact the forecast.

To examine the spread among ensemble members ieftactivity forecasts,
spaghetti plots of the 25 dBZ (Fig. 4.15) and 4@ dBig. 4.16) contours at vertical
model level 10 (approximately 2 km above the s@fawe presented at 0300, 0400,
and 0500 UTC for the forecast ensembles of CNTLTCNLIN, and NoMMP, and
compared to the corresponding observed WSR-88Dpuanthough the analyses of
the RSS and Brier score demonstrate that the pitcdb@breflectivity forecasts
possess considerable skill, variations among thserehle members indicate
significant uncertainty and spread within the enidenmear the LEV at the 40 dBZ
threshold (Fig. 4.16). Ensemble spread, partisuktrthe 25 dBZ threshold and at
earlier forecast times, is relatively low (Fig. 3al d, g). The position and extent of
reflectivity exceeding 25 dBZ in the northern pomtiof the convective system is

well-predicted by most ensemble members in all erpgts; most members also
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predict such regions in the trailing convectiveslinith moderate success at 0300 and
0400 UTC. Spread and error in the ensemble fetemiathe 25 dBZ threshold
increase throughout the forecast period (Fig. 4.@fater spread among ensemble
members is expected for longer forecasts as indifierences among ensemble
members grow with time.

The impact of model microphysics on ensemble spisaevident in the
spaghetti plots of the 25 dBZ (Fig. 4.15) and 40Zd@-ig. 4.16) contours.
Particularly at 25 dBZ, the spread among ensembé&mipers in the single-
microphysics forecast ensemble of NOMMP (Fig. 4-0)5g considerably less than in
the mixed-microphysics ensemble of CNTL (Fig. 4-thaand also somewhat less
than in CNTL_LIN (Fig. 4.15d-f) which uses the sammécrophysical makeup at
NoMMP but begins from an initial condition obtainading a mixed-microphysics
analysis ensemble. In NoMMP, even after 3 hoursfaskcast time, close
agreement among the ensemble members is evidahei@5 dBZ contours (Fig.
4.15i). Both CNTL (Fig. 4.15c) and CNTL_LIN (Fig.15f) show greater variation
among ensemble members; the difference is most ipeon in the trailing
convective line. Almost all members of NOMMP agree a wide area of
precipitation in excess of 25 dBZ in the trailingngective line at 0400 and 0500
UTC (Fig. 4.15h, i). In CNTL (Fig. 4.15b, c) manyembers predict the
precipitation in the trailing line, but there is alugreater variation in the location
and extent of that precipitation than in NoMMP. riddon among ensemble
members in CNTL_LIN (Fig. 4.15e, f) is greater ttdoMMP, but far less than in

CNTL. While starting from an initial condition thaised mixed-microphysics
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appears to induce greater variation among memberthe single-microphysics
CNTL_LIN forecast ensemble, far greater variatiesults from using mixed-
microphysics during both the analysis and foreeasin CNTL (Fig. 4.15a-c, Fig.
4.16a-c). In general, use of a mixed-microphysinsemble results in increased
ensemble spread in a variety of model fields, paldily those closely related to
precipitation processes, due to variation in hydstmar type and distribution
resulting from different treatment of microphysipabcesses. Increased spread alone
does not necessarily improve the derived probaioilisrecast products, however, as

indicated in the earlier skill-score analyses.
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Fig. 4.15: Spaghetti plots of the ensemble forexa$the 25 dBZ radar reflectivity
contours on model grid level 10 (approximately 2a&move the surface) in the area
surrounding the CASA domain for CNTL at (a) 0300CUTb) 0400 UTC, and (c)
0500 UTC; CNTL_LIN at (d) 0300 UTC, (e) 0400 UT@dgf) 0500 UTC; and
NoMMP at (g) 0300 UTC, (h) 0400 UTC, and (i) 0500Q@J) Contours for
individual ensemble members are shown as thin dgmags; those for the
deterministic forecasts initialized from the enskmbean at 0200 UTC are in thick
gray lines. The 25 dBZ radar reflectivity contoabserved by the WSR-88D
network at the corresponding time is indicatedhmgy thick, black contour.
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Fig. 4.16: As Fig. 4.15, but for the 40 dBZ radaflectivity contours.
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4.3.3 Bias and error in the ensemble forecasts

During the discussion of the NEP forecasts of raefkectivity exceeding 40
dBZ (Fig. 4.11), we noted that the ensemble fotscpsedict high probabilities of
reflectivity exceeding 40 dBZ in regions where b dBZ reflectivity values were
observed, particularly at 0400 and 0500 UTC. Taarmosely examine biases in
reflectivity within the ensemble forecasts, we d¢onst domain-wide histograms of
radar reflectivity each hour from 0200 UTC to 0300C in the ensemble mean and
ensemble member forecasts of CNTL, and compare themstograms constructed
from radar reflectivity observed by the WSR-88Damadetwork and interpolated to
the model grid. Bins are placed at intervals @iBZ, and histograms constructed
using the individual ensemble members are nornthl®ethe size of the ensemble.
The resulting histograms are shown in Fig. 4.17.

Two prominent biases are evident in the histograshZ for the both
ensemble mean and the ensemble members: an umrdiction (low bias) of weak
(<25 dBZ) precipitation regions, and an over-pradic (high bias) of areas of
intense (>40 dBZ) precipitation (Fig. 4.17). Aetimitial time (0200 UTC), only
the under-prediction of o is present in the ensemble members and the ensemble
mean; the histograms match observations wellZfgreater than approximately 25
dBZ (Fig. 4.17). By 0300 UTC both biases are prege both the ensemble mean
and the ensemble members; the magnitude of thasesremains relatively constant

from 0300 to 0500 UTC (Fig. 4.17d-I).
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Fig. 4.17: Domain-wide histograms of reflectivitytansity in ensemble forecast
experiment CNTL in the initial ensemble state amdingj the 3-hour forecast period.
Shown are WSR-88D observations interpolated tantbdel grid (left column), the
ensemble mean (center column), and individual enkemembers normalized by the
size of the ensemble (right column). The vertga indicates the number of model
grid volumes (in thousands) containing reflectivifya given intensity.

Both the low-bias in weak precipitation and the hhibias in strong
precipitation are smaller in magnitude for the emsle mean than for the individual
ensemble members at and after 0300 UTC (Fig. 4)17dFhe primary source of
these differences is smoothing and decreased ity&i<Z in the ensemble mean due
to differences in the position of small-scale refilaty features among individual
ensemble members. While this smoothing leads destaibution of Z that agrees
more closely with observations in this case, itn@® universally desirable; for

example, in the absence of the high bias in intpnseipitation seen in the ensemble
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members in this case, the smoothing would degrastemprove, the distribution of

Z in the ensemble mean.

311

305

Fig. 4.18: Ensemble mean horizontal winds (barbafl gotential temperature
(shaded) in CNTL at model grid level 10 (approxieha® km above ground level) at
(a) 0300 UTC, (b) 0400 UTC, and (c) 0500 UTC.

The high bias in intense precipitation observethenensemble can be in part
attributed to spurious convection that developedamd near the CASA radar
network, as noted in section 4.3.1. To provideitamwal insight into the source of
this spurious convection, we calculate ensemblennmaential temperature and
horizontal winds approximately 2 km above the stefan CNTL at 0300, 0400, and
0500 UTC (Fig. 4.18). In the ensemble, the coldl o the wake of the MCS (cf.
Fig. 4.9) is relatively weak, with temperaturesatl near the surface under the MCS
only around 2 to 3 K cooler than the surroundirgpafig. 4.18). By comparison,
many Oklahoma mesonet sites in southwestern Oklahmnorded temperature

drops of around 4K during the passage of the MGC& &mown). In addition,
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particularly at 0300 UTC (Fig. 4.18a), the strorigesnvergence at low levels
occurred behind the MCS, in and near the CASA domaihere strong south-
southwesterly flow just southwest of the CASA damaiansitions to weaker
southerly flow to the north of the CASA domain (Fg18). The combination of
low-level convergence and relatively warm, buoyaintin the wake of the MCS set
the stage for the spurious convection that developehis region in the ensemble

between 0300 and 0500 UTC.

4.3.4 Impact of microphysics on ensemble reflectivity forecasts

To examine the impact of a model microphysics rdyurthe ensemble
forecasts, we calculate and compare RMS innovatioradar reflectivity Z) for
ensemble forecast experiments CNTL and CNTL_LinNTC and CNTL_Lin
ensembles start from the same initial conditionsf ©ENTL uses a mixed-
microphysics ensemble, while CNTL_Lin uses a shmgierophysics ensemble
consisting only of Lin microphysics members. Ination is calculated using all
grid volumes where the reflectivity observed by téSR-88D radar network
(interpolated to the model grid) exceeds 15 dB®& #malysis technique is similar to
that used in Aksoy et al. (2010). Innovation valder each individual ensemble
member, as well as the ensemble mean and prolgahbéitched (PM) ensemble
mean, are shown at 1, 2, and 3 hours of forecast (D300, 0400, and 0500 UTC

respectively) in Fig. 4.19.

98



24+ - .
CNTL CNTL Lin

N
©
T

—
o
T

-
N

RMS Innovation (dBZ)

I
t

0

0200 0300 0400 0500 0200 0300 0400 0500
Time (UTC)

Fig. 4.19: RMS innovation of radar reflectivity dog the forecast period for

ensemble forecasts CNTL (left) and CNTL_LIN (rightfhe ensemble mean

forecast is indicated by the thick, solid blackelirwhile the probability-matched

ensemble mean forecast is indicated by the daslae#t bne. The thin gray lines

indicated innovation within individual ensemble rbens, with different shades of
gray used for members using differing microphyspeaabmeterization schemes.

Both CNTL and CNTL_Lin exhibit similar evolution &MS innovation oZ
for the ensemble mean and PM mean forecasts. fi$endle mean consistently
outperforms the PM mean, as well as most individmalemble members (Fig. 4.19).
This result is in agreement with Aksoy et al. (20Mhose ensemble mean RMS
innovation of Z was also lower than most of their ensemble membefhe
relatively good performance of the ensemble meanbeaattributed to the high bias
is the reflectivity forecast (Fig. 4.17) discussstlier, since position differences in
the strongest reflectivity cores between individuambers give an ensemble m&an

field that is smoother and contains lower reflattiwalues than the individual
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members. The PM mean, though it contains the sspagial structure as the
ensemble mean, has the same high bias as the duadivensemble members.
Because the ensemble mean consistently outperttar®M mean, we can conclude
that it is the absence of the high bias, rathem thgroved spatial structure of tiZe
field, that results in lower RMS innovation 6fin the ensemble mean.

In the CNTL ensemble, the individual ensemble mamieghibit a trimodal
distribution, grouped into three clusters segrataiethe microphysical scheme used
in the model. The cluster of members using therhiorophysical scheme has the
lowest RMS innovation, followed by the cluster ofemmbers using WSM-6
microphysics, and the cluster using NEM microphgsitas the highest RMS
innovation values. The strong clustering in CNTdicates that error associated
with the microphysical parameterization is a dominfactor in model error irZ
during the ensemble forecast; in CNTL_LIN, wheré raembers used the Lin
microphysical scheme, the ensemble members havenimodal distribution.
Though the increased ensemble dispersion of CNTLdasirable, ensemble
dispersion could also be increased using other adsthsuch as perturbed boundary
conditions, perturbations within a microphysicaheme, and the use of different
spread-maintenance techniques during the assiamlggriod; such methods will be
a subject for future work. Because the microphalsparameterization appears to
be a dominant source of error in the forecasts)guai more sophisticated 2- or 3-
moment microphysical scheme might also be desirtabteduce overall RMS error

in the ensemble; this too could be a subject fartustudies.
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4.3.5 Ensemble and probabilistic forecasts of tornadic mesovortices

In recent years, explicit prediction of tornadiccalations in short-term
convective forecasts has become a reality (Xuel.eR@07). The capability to
perform such prediction in real-time is a cornemstaof the “warn-on-forecast”
paradigm being explored by the NWS for use in itaperations (Stensrud et al.
2009). For forecasts of tornadoes, the most liketial operational implementation
would be a probabilistic approach focusing on priealy the probability of tornadoes
on a timescale of no more than a few hours (Stenstal. 2009). At a horizontal
grid spacing of 2 km we cannot hope to resolvendoas, but we can resolve meso-
vortices on the scale of 10 km and greater. Sueborvortices were present in the
9 May 2007 LEV case, and, as noted above, theitocand timing of these vortices
correspond well to the location and timing of tatoes reported in association with
the system (see Fig. 4.1; also Fig. 3.1). As @kdasts were initialized at 02:00
UTC, the reported tornadoes (which occurred at43)8:26, and 04:43 UTC) fall at
forecast times of approximately 2 to 3 hours.

Forecast ensemble members of CNTL, NoMMP, and NoCASere
manually examined at 0400, 0420, and 0440 UTC ¢atity significant low-level
vortices, as outlined in section 2. Such low-lewaitices are considered objects for
the purpose of verification. Equation 2.2 was thpplied to generate forecasts of
the probability of a significant (vertical vortigit > 0.02 &) low-level vortex being
present within 25 km of a point. The probabilitiess calculated are shown in Fig.

4.20 at 0400, 0420, and 0440 UTC for CNTL (Fig.04-2), NoMMP (Fig. 4.20d-f),
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and NoCASA (Fig. 4.20g-i), along with the locatiooisreported tornadoes (which

were co-located with their parent mesovortices).

0400 UTC 0420 UTC 0440 UTC
(@) | C i) @ '

CNTL

NoMMP

NoCASA

Fig. 4.20: Ensemble-based forecast ¢fl@v-level circulation with vertical vorticity
¢> 0.02 s within 25 km of a poirt for CNTL at (a) 0300 UTC, (b) 0400 UTC, and
(c) 0500 UTC; NoMMP at (d) 0300 UTC, (e) 0400 U®Ead (f) 0500 UTC; and
NoCASA at (g) 0300 UTC, (h) 0400 UTC, and (i) 0OBAT. The triangles indicate
the reported locations of the tornadoes reporte@24 UTC (in panels (a), (d), and
(9)), at 0426 UTC (in panels (b), (e), and (h))daat 0443 UTC (in panels (c), (f),
and (i)).
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All three forecast ensembles predict near-surfaméces in the vicinity of
the reported tornadic activity at 0400, 0420, add@UTC (Fig. 4.20). At 0400
and 0420 UTC, the probability field of CNTL exhibia tight concentration of the
highest probability values close to the reportedado location (Fig. 4.20a, b). At
0400 UTC, the location of the maximum near-surfamgex probability for CNTL of
0.65 (Fig. 4.20a) is located within 3 km of repdrternado, and its probability field
is tightly concentrated around the location of obsé tornado. In NoMMP and
NoCASA (Fig. 4.20d, g) maximum probabilities aredted approximately 10 and 20
km, respectively, from the reported tornado locatidoCASA and NoMMP forecast
probabilities of only 0.43 and 0.35 (respectivay)the reported tornado location at
0400 UTC, and, especially in NoMMP (Fig. 4.20d),vdarelatively diffuse
probability distributions with lower maxima. In NP, this difference results
from a wider spread of vortex location predictioseen within the single-
microphysics ensemble. The only difference betw®&CASA and CNTL,
however, was the absence or presence of CASA datarduring the assimilation
period, suggesting that assimilating CASA datatpady impacts the prediction of
low-level vortex features, yielding a higher maximprobability prediction at 0400
UTC in the vicinity of the observed tornado. Thisding is consistent with that of
Schenkman et al (2011), where low-level radial e#jodata from CASA radars
were found to improve the LEV forecast.

The results at 0420 UTC (Fig. 4.20b, e, and h)sarelar to those at 0400
UTC: CNTL (Fig. 4.20b) produces the highest maximprabability (between 0.4

and 0.5) centered very close to the reported tarmachtion. NOCASA (Fig. 4.20h)
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and NoMMP (Fig. 4.20e) have position predict loyeobabilities (approximately
0.2 and 0.1 respectively) of a significant low-lewertex being present in the
vicinity of the observed tornado. The probabilitythe vicinity of the observed
tornado is lower in all three experiments at 0420CUhan at 0400 UTC. At 0440
UTC (Fig. 4.20g-i), CNTL features a probability llewith the highest predicted
probabilities in close proximity to the observedntdo, but NOCASA predicts a
slightly higher probability near the observed t@tmaNoMMP performs worst at
0440 UTC, (Fig. 4.20h), predicting a low probalildf vortices, with the highest
probabilities located several tens of kilometersayvirom the reported tornado.
Because of the small size of the CASA domain amdeasing impact of model
factors (such as microphysical parameterizatiorthadorecast period proceeds, the
greatest impact of CASA data from the initial cdimfi of the ensemble would be
expected at shorter forecast times, consistenttivhiesults shown in Fig. 4.20.

One issue that arises when considering predictidornadic meso-vortices is
a question of the limits of predictability for tleeteatures. Smaller features within
atmospheric flows tend to exhibit error growth dworser timescales (Lorenz 1969),
and indeed, the tornadoes observed during this fiaseed and decayed with
timescales of less than an hour. The tornadic medaes within the 8-9 May
2007 MCS, however, were strongly forced by largetes features within the MCS
that spawned them. Because MCS’s often exhibdigtability on a significantly
longer timescale (Carbone et al. 2002), we belignat is therefore reasonable to
consider ensemble predictions of the tornadic nvesteees within it at timescales of

2-3 hours because of this larger-scale forcing.
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Fig. 4.21: Locations of significant (vertical vimity ¢ > 0.02 $%), discernible, low-
level (grid level 10, approximately 2 km abovegshdgace) mesovortex centers for all
ensemble members at 0400 UTC in experiments (a)LC) NoMMP, and (c)
NoCASA. Individual members are coded by microphy$ype; members using Lin
microphysics are marked “L”, members using WSMe@raphysics are marked
“W”, and members using NEM microphysics are maridti The ensemble mean
vortex location is marked “EM”. The location ofedhieF1 tornado reported at 0354
UTC is marked by the black triangle.

We further examine the role of microphysics interrprediction by plotting
locations of low-level vortex centers in individumisemble members at 0400 UTC,
along with the ensemble mean vortex location amdldleation of the EF-1 Minco
tornado (reported to have begun at 0354 UTC), fNITIC (Fig. 4.21a), NoMMP
(Fig. 4.21b), and NoCASA (Fig. 4.21c). Each lowdevortex center is marked by
a letter corresponding to the microphysical schases in the member that produced
it (“L” for Lin, “W” for WSM6, and “N” for NEM). CNTL (Fig. 4.21a) exhibits the
closest clustering of predicted low-level vorti@sund the location of the observed
tornado; 26 of 40 (65%) ensemble members predicivdevel vortex center within

25 km. These 26 members include 12 of 16 Lin membed 11 of 16 WSM6

members, but only 3 of 8 NEM members. In NOCAS#&(B.21c) 17 of 40 (43%)
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members predict vortices within 25 km of the obedrtornado; these 17 members
consist of 10 Lin, 5 WSM6, and 2 NEM members. INTC and NoCASA, Lin
members have the least error in vortex locatiorleddEM members have the most;
many NEM members are outliers (see Fig. 4.21agrcjail to produce significant
low-level vortices. In NoMMP (Fig. 4.21b), predict vortex locations vary
substantially among ensemble members; only 14 men({88%) predict low-level
vortices within 25 km of the observed tornado lawgt underscoring the positive
impact of a mixed-microphysics forecast ensembla@so-vortex prediction.

Despite differences in the distribution of indivad members, the forecast
ensemble mean low-level vortex locations (marked'EM” in Fig. 4.21a-c) were
similar in all three experiments. In each case éheemble mean location was
located slightly to the northwest of the observedhado location, with a position
error ranging from approximately 12 km in CNTL (F§g21a) to 18 km in NOCASA
(Fig. 4.21c). This result underscores the impaeaot probabilistic information on
forecast uncertainty; while CNTL produced a muchrphr probabilistic forecast of
the low-level vortex than NoOMMP, ensemble meanesofocations differed by only
about 3 km, or 1.5 grid intervals (Fig. 4.21a, bjween the two experiments.  Also,
NoCASA forecasted a higher vortex probability withore individual members
clustered around the true vortex location than NdMbdit its ensemble mean vortex
location had a larger position error (Fig. 4.21h, dProbabilistic information is
important in assessing the reliability of theseefasts; an ensemble mean or single

deterministic forecast cannot provide such inforamat
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Chapter 5: 8-9 May 2007—Nested-Grid EnKF Analysi®f
Conventional and Radar Data and Comparison with 3DWAR
5.1 Data and Methodology

While reasonable analyses and forecasts are ebtam the single-grid
experiments presented in Chapters 3 and 4, thogkesgirid experiments are subject
to a number of limitations. Due to technical resions and the limits of available
computing resources at the time they were run, sihgle-grid experiments are
limited to a relatively small domain, causing iatetion between the trailing
convective line of the MCS and the southern donmaundary, as noted in Chapter
4. Furthermore, the single-grid experiments usagle lateral boundary condition
for all ensemble members, reducing spread withenetfisemble, and make no use of
conventional weather observations.

Recent advances in the ARPS EnKF system and amase in available
computing resources have made it possible to meyerd the limitations noted
above. To that end, we perform a set of nestatlfgrnKF data assimilation and
forecast experiments that expand upon the singteegperiments of Chapters 3 and
4. In addition to addressing the limitations ot thingle-grid experiments, the
nested-grid experiments also investigate additionfilences on the EnKF analysis
and resulting ensemble forecasts, including theachpf perturbing the rain drop
size distribution within a single-microphysics eméde, and the impact of varying
the assumed observation error for radar reflegtiaitd radial velocity data during

EnKF data assimilation.
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5.1.1 Model Setup
Like the experiments presented in Chapters 3 andhd nested-grid

experiments presented here use the ARPS NWP modaks$imilation of data and
generation of forecasts. Full terrain, soil, scefaand radiation physics are used,
with settings matching those of the previous expenits (see section 3.1). Unlike
the previous experiments, however, a set of twaededomains is used, with 40-
member ensembles used both on an outer domainawhibrizontal resolution of 6
km, and an inner domain with a horizontal resolutdd2 km. This setup allows for
the introduction of mesoscale perturbations onotiiter domain and the inclusion of
boundary condition perturbation on the inner domamnusing each outer domain
member to provide the boundary and initial condsgidor the corresponding member
on the inner domain. The geographic extent oftéte domains is shown in Fig.
5.1. The outer (6 km horizontal grid spacing) donteas a physical extent of 320 x
320 x 40 grid points and covers much of the Gréh®, the Mississippi Valley, and
the southern Rocky Mountains, as well as portiohsxarthern Mexico and the
northwestern Gulf of Mexico. The inner (2 km hontal grid spacing) domain has
a physical extent of 500 x 500 x 40 grid points eaders all of Oklahoma, much of
Texas and Kansas, and portions of surroundingsstatéhe inner domain is identical
to that used in Schenkman et al. (2011), facilitatilirect comparison between the
results of their 3DVAR-based study of the 8-9 M&@2 tornadic MCS and similar

analysis and forecast results obtained in thisystud
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Geographic extent of the outer domaithv@ km horizontal resolution

Fig. 5.1:

and the nested domain with 2 km horizontal resotufrepresented by the thick
black box in the center of the figure) used in expents presented in Chapter 5.

CASA IP-1 radar 30 km range rings and 60 km ranggs for WSR

and KFDR are included for reference.

88D sites KTLX

5.1.2 Experiment Design

In this study, a set of data assimilation and das¢ experiments are
109

performed on a 500 x 500 x 40 physical domain ®&itkm horizontal grid spacing
and stretched vertical grid spacing; the averaggca grid spacing is 500 m, with a



minimum vertical spacing of 100 m near the surfacthis grid is identical to that

used in Schenkman et al. (2011), who performededydata assimilation using the
ARPS 3DVAR system and a cloud analysis package. inAthe experiments of

Chapters 3 and 4, full model physics are used @fwd. 2001), including the NASA

Goddard Space Flight Center long- and shortwaviatiad parameterization, a two-

layer soil model, surface fluxes parameterized gigiredicted surface temperature
and water content, and a 1.5-order turbulent kinetiergy (TKE)-based sub-grid-
scale turbulence parameterization, along with hegolution terrain. Like the

experiments presented in chapters 3 and 4, a 4(ereARPS ensemble is used for
each experiment. However, unlike those prior erpamts, no mixed-microphysics

experiments are performed; instead, all experimasésa variant of the Lin et al.

(1983) microphysics scheme with the default raitercept parameter reduced to
8.0-1G in accordance with the findings of Snook et al0g); this is a reduction by a
factor of 10 from its original setting.

Three experiments are performed with the goal dadicomparison with the
results of Schenkman et al. (2011) obtained usihgAR. The first of these three
experiments is a control experiment, hereafterredeto as CNTL, which will serve
as a basis for comparison for all other experimeiled in this chapter. In
CNTL, both CASA and WSR-88D radar data are asstigdla along with
conventional observations. The EnKF data assimilasystem is configured
following the experiments from Chapter 3, with thgception of the assumed
observation error fo¥,, which isincreased from 2 rifsto 3 ms' and the assumed

observation error foZ, which isincreased from 1 dBZ to 2 dBZ. The second
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experiment, NOCASA, is identical to CNTL exceptttiomly WSR-88D radar data
and conventional observations are assimilated. fhimel experiment, NoRAD,
assimilates conventional data only. These thregemxents correspond closely to
three experiments of Schenkman et al. (2011), ifaiilg direct comparison of
analysis and forecast results; the comparisonbeifpresented in section 5.4.

Two more experiments are conducted focusing ofintipact of microphysics
during the analysis and subsequent ensemble forecBgperiment R6 uses an
identical setup to CNTL, except that the rain ioégt parameter of the Lin
microphysics scheme used in the ensemble memb@srisased from 8.0 x it
4.0 x 106, the default value of rain intercept parameteresponding to the Marshall-
Palmer distribution. The cold pool observed inshgle-grid CNTL experiment of
Chapter 3 was found to be relatively weak. Redutisn Snook and Xue (2008)
indicate that an increased rain intercept paranweesponds to more intense cold
pools due to increased evaporative cooling, thus iticreased rain intercept
parameter of R6 may produce a cold pool closeniansity to that observed by
Oklahoma Mesonet sites during the 8-9 May 2007 MCS.

During the forecast period, the innovation df within the mixed-
microphysics single-grid forecast ensembles of @wagd exhibited a trimodal
distribution where the modes were segregated byopinysical scheme. Though
the enhanced ensemble spread imparted by the miiadphysics ensemble is
desirable, the trimodal behavior is not. Anothesgble method of increasing
ensemble spread by microphysical variation is plestion of the intercept

parameters within a single-microphysics ensembieyipus work by Snook and Xue
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(2008) has shown that variation of the interceptipeeters within a single-moment
microphysics scheme can have a large impact owlythamics and structure of the
resulting storm. Experiment PERT applies this méphe, randomly varying the
rain intercept parameter of the Lin microphysicetheame in each member between
8.0:10 and 8.0-10 The variation in rain intercept parameter isiewtd by
selecting the intercept parameter for each membadamly from a Gaussian
distribution with a mean of 4.4-4@nd a standard deviation of 1.6.10Random
samples of 40 members from this distribution weesfggmed until a set was
obtained that met two criteria: (1) the set corgdino values more than two standard
deviations from the mean, and (2) the absoluteevafuthe sum of deviations of all
members was less than one half of the standarctimviof the distribution from
which the samples were generated. These twoiariegre chosen to ensure that
the randomly selected rain intercept parameteregafall within the range specified
above, and that their distribution is balanced adothe mean. Once selected, the
intercept parameter value is kept fixed for eacimiver.

Finally, experiment CNTL_LOW is performed using wedd values of
assumed observation error fgr andZ of 1 ms' and 2 dBZ, respectively. These
values are identical to those used in the conttpéement in Chapter 3.  When the
results of the experiments in Chapter 3 were phbtis(Snook et al. 2011), it was
suggested that the relatively low assumed observairors may have negatively
impacted the analysis, a suggestion that will hestigated through comparison of
results from CNTL and CNTL_LOW. For reference uasnary of all experiments

is provided below in Table 5.1.
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Table 5.1: Summary of the inner-domain experimprasented in Chapter 5.

Use of Use of Assumed observation error Rain intercept

CASA  WSR-88D V, (ms?) Z (dBZ2) parameter
CNTL Yes Yes 2.0 3.0 8.0-10
NoCASA No Yes 2.0 3.0 8.0-10
NoRAD No No 2.0 3.0 8.0-0
R6 Yes Yes 2.0 3.0 4.0-16
PERT Yes Yes 2.0 3.0 Varied
CNTL_LOW  Yes Yes 1.0 2.0 8.0-10

All experiments (CNTL, NOCASA, NoRAD, R6, PERT, a@NTL_LOW)
are initialized from a 40-member ensemble of EnK&lgses performed on the outer
grid described in section 5.1.1; the outer domais & horizontal grid spacing of 6
km, and its geographic extent is shown in Fig. 5TIhe outer-grid forecast is
initialized at 1800 UTC on 8 May 2007 from the 8 Wi2007 NCEP 1800 UTC
NAM analysis, and a subsequent 3-hour pre-foregasperformed from the
initialization. At 2100 UTC, an ensemble of 40 nimrs is generated by
introducing smoothed, random, Gaussian mesoscaleripations using the method
of Tong and Xue (2008). Perturbations are addddedorizontal wind (u, v) with
an average magnitude of 2.0 she potential temperaturd)(using positive
perturbations only with a mean magnitude of 1K, #r@mixing ratio of water vapor
(qv) with a mean magnitude of 10% of the wplue at the given grid point. The
horizontal length scale of these perturbationgi&r8, and the vertical length scale is

7.2 km.
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Fig. 5.2: Observations used in the three experismatescribed in this chapter
performed on the 2 km horizontal resolution domaihocations of Oklahoma
Mesonet sites are indicated by open squares, lmstiof ASOS sites by filled
triangles, and locations of wind profilers by opdgiamonds. The dotted and solid
black circles represent 60 km and 180 km rangesrinff WSR-88D radar sites
respectively. The small gray circles indicate 80 tange rings of the CASA radar
sites. This figure is adapted, with permissiolonfrFig. 3a of Schenkman et al.
(2011).

Conventional observations, including ASOS, mesooietervations, wind
profiler data, and upper air observations (inclgdsoundings at 0000 UTC, 9 May

2007) are assimilated hourly on the outer grid f2200 UTC, 8 May 2007 to 0100
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UTC, 9 May 2007 using the ensemble square-roer fENSRF) algorithm based on
that of Whitaker and Hamill (2002). Assumed obaé&on errors used for

conventional data vary by observation type as atéit in Table 5.1.

Table 5.2: Assumed observation error magnitudeémventional observations.

Data Type ums)  v(ms')  Temperature (K) Dewpoint (K) Pressure (hPa)

Surface 1.5 15 1.5 2.0 2.0
Upper-air 2.5 2.5 1.2 2.0 0.6
Profiler 2.5 2.5

In order to maintain ensemble spread during thendlation of conventional
data on the outer 6 km grid, we apply a multiplieatovariance inflation factor of
= 1.03 to the prior deviation of each ensemble nme¥nitom the ensemble mean
(Anderson and Anderson, 1999; Tong and Xue, 2008pvariance inflation is
performed throughout the entire model domain. dditgon to covariance inflation,
we also apply the relaxation technique of Zhanglet(2004) with a relaxation
coefficient of 0.5.

At 0100 UTC, 9 May 2007, the inner-grid experimeats initialized from
the interpolated 6-km ensemble forecasts validhat game time. Each inner-
domain ensemble member uses boundary conditiongeddrom the corresponding
outer-domain member; for example, ensemble memlseroft any inner-grid
experiment (e.g. CNTL, NoCASA, NoRAD) derives itsitial conditions and

boundary conditions from ensemble member #3 of dbger-domain ensemble.
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Boundary condition files from the outer-domain memnsbare provided at 15 minute
intervals throughout the analysis and forecasiopegi®100 to 0500 UTC).

In each of the inner-grid experiments, conventiola@a are assimilated using
the same EnSRF algorithm. Data are assimilatéiyeaiminute intervals; the first
analysis occurs at 0105 UTC, 9 May 2007, and thal fanalysis occurs at 0200
UTC. Conventional data used in this study inclieface observations from
Automated Surface Observing System (ASOS) statonksthe Oklahoma Mesonet
(Brock et al. 1995); as well as upper-air obseoratifrom wind profilers. Mesonet
data are assimilated every 5 minutes, while ASOSemations and profiler
observations, which have a coarser temporal freqyyeare assimilated only at 0200
UTC. No sounding data is assimilated because mom@@ailable during the data
assimilation period. In addition to these convemdl data, some of the experiments
also assimilate radar observations from the CASAA\&iSR-88D radar networks.

In experiments assimilating radar data, observatiare assimilated along
with conventional data at 5 minute intervals froh®9 UTC to 0200 UTC. Level-lI
radial velocity and radar reflectivity observaticare assimilated from six WSR-88D
radar sites: Twin Lakes, OK (KTLX); Vance Air FerBase, OK (KVNX), Dyess
Air Force Base, TX (KDYX); Amarillo, TX (KAMA); Dalas-Fort Worth, TX
(KFWS); and Lubbock, TX (KLBB). In experiments ngi CASA data, radial
velocity and radar reflectivity data are also adlsited from the four X-band radars
of the CASA radar network: Cyril, OK (KCYR); LawtprOK (KLWE); Rush
Springs, OK (KRSP); and Chickasha, OK (KSAQO). CA8#ta are assimilated as

aggregate 5-minute pseudo-volumes produced usingpael and spatial
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interpolation, as discussed in section 3.2. Thatlons of conventional observation
sites and radar sites are summarized in Fig. 5.2.

To help maintain ensemble spread, multiplicativeraciance inflation is
applied to the prior deviation of each ensemble b@nirom the ensemble mean
using an inflation factor of = 1.03 in experiment NORAD (which assimilated only
conventional data), and an inflation factoryef 1.25 in all other experiments (which
assimilated both conventional and radar data). ikenbn the outer-grid domain,
relaxation is not used for the maintenance of eb#erapread on the inner-grid
domain because preliminary experiments using rétaxavhile assimilating radar
data resulted in relatively poor ensemble foregastformance compared to
experiments using multiplicative covariance infiationly. The larger covariance
inflation factor in the experiments assimilatinglaa data is necessary to maintain
ensemble spread while assimilating large quantiieata from multiple radar sites.

At the end of the data assimilation period, agHreur ensemble forecast is
performed for each inner-grid experiment, runningrf 0200 UTC to 0500 UTC,
using the final ensemble member analyses at 020D &#Tinitial conditions. As in
Chapter 4, forecast verification is performed fadar reflectivity (as a proxy for
guantitative precipitation) and low-level mesovees (as an indicator of tornado
potential) using both qualitative and quantitatmethods. Quantitative verification
methods include calculation of relative operatihgracteristic skill score (RSS) and
Brier scores for ensemble forecasts. Additionalcassion of these skill score

metrics can be found in section 4.3.2. Finallynparisons are performed between
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the experiments presented herein and the corresmpeaperiments of Schenkman

et al. (2011).

5.2 Analysis Results

For the six inner-grid experiments (see Table,xahventional and/or radar
data are assimilated every 5 minutes between 01D6 dnd 0200 UTC. No
analysis is performed at 0100 UTC; this is to preévelouble-counting of
observations used in the outer-grid 0100 UTC aimlgasemble, from which the
inner-grid analysis ensembles are initialized. T20 UTC analysis ensemble
mean for radar reflectivity at model grid level (@pproximately 2 km above the
surface) is shown below in Fig. 5.3 for all expernts. By 0200 UTC, the final
analysis of radar reflectivity shows a very simiggrsemble mean analysis state for
all experiments that assimilated radar data (Figa,55b, d-f). The final analysis
state of these ensemble members agrees reasonailyth® observed radar
reflectivity at 0200 UTC (Fig. 5.3g) in the overalhcement of convective features,
including the leading convective line, the trailingnvective line extending south

into Texas, and the large stratiform region towlest of the leading convective line.
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Fig. 5.3: Ensemble mean reflectivity at model lldve= 10 (approximately 2 km
above ground level) for the 0200 UTC analyses @irther-grid experiments (panels

(@)-

88D observations fromOQPOC interpolated to the

The experiment name isuged in the lower right of each

(f)), compared to WSR

ARPS grid (panel (g)).

panel.
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Despite the relatively good agreement in the locaéind structure of the convective
system, there are some notable errors in the emsemban analyses of the
experiments assimilating radar data. Compareth@¢cobservations (Fig. 5.3g), all
of the radar-assimilating experiments (Fig. 5.3a,dd) exhibit slightly weaker
reflectivity values in their 0200 UTC ensemble mearalyses throughout much of
the stratiform region and trailing convective lin€he intensity of the leading
convective line is captured well in NoCASA (Fig.3B), but underestimated
compared to observations (Fig. 5.3g) within the @Af®main in those experiments
assimilating CASA radar data (Fig. 5.3a, d-f). Thederestimation in these
experiments is most likely the result of attenuatgglons within the convective line
in the CASA data. In an attempt to limit the impad completely attenuated
regions, CASA reflectivity data are not assimilateaen the observed reflectivity is
less than 20 dBZ, but some impact still remains.

Each of the ensemble mean analyses from the esdamilating experiments
contains a convective cell to the east of the BaHart Worth metro area, just south
of the Oklahoma border. This cell occurs neareiihge of the coverage areas of the
KFWS and KTLX radars; while this cell may be imgattby this data boundary,
data from the neighboring WSR-88D radar site to ébet at Shreveport (KSHV)
indicates that a convective cell was present aDQ20C just to the east of the cell
indicated in the ensemble mean analyses, just loetymneastern extent of the KFWS
radar observations. The westernmost fringe of ¢bisvective cell can be seen at
the eastern extent of the KFWS coverage regiongn33g, near the location of the

convective cell in the ensemble analyses. Alse, dhalyses underestimate the
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intensity of two cells ahead of the convective loserved by KFWS, visible in the
lower right of Fig. 5.3g. These cells developet lia the assimilation period and
likely did not have sufficient time to spin up imetmodel.

In contrast with the experiments that assimilatéar data, the 0200 UTC
ensemble mean analysis of the NORAD experiment. (5i8c), which assimilated
only conventional data, compares quite poorly tdarareflectivity observations.
While most NORAD ensemble members contained a aiveesystem in the general
region of the MCS observed by the WSR-88D radanos, there is a great deal of
variation among individual ensemble members inGB@0 UTC analysis regarding
the position, intensity, and structure of this aective line (not shown). The result
is an ensemble mean analysis with large, smootlatively weak areas of
reflectivity; most of the convective structure frandividual members is lost when
computing the ensemble mean (Fig. 5.3c). Becaliieedarge spread among the
ensemble members, the NORAD ensemble analysis eaafib from probability

matching when calculating the ensemble mean, asided earlier in section 4.3.1.

bservations

Fig. 5.4. Comparison of (a) ensemble mean rad#ectvity and (b) probability-
matched mean radar reflectivity in the 0200 UTCeenigle analysis of NORAD at
model grid level k = 10 (approximately 2 km abdwe $urface). Also shown are (c)
WSR-88D radar observations, interpolated to the 8RRd at model level k = 10.
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When probability matching is performed, the over@lerage of rainfall in the
probability-matched ensemble mean (Fig. 5.4b) eatly reduced compared to the
pure ensemble mean (Fig. 5.4a), though even thersttlucture of the convective
system remains quite poor compared to the obsengs(Fig. 5.4c). By contrast, in
the experiments that assimilate radar data thendreemean and probability-
matched ensemble mean are quite similar, due tdroloser agreement between
ensemble members due to the constraint by radenaisns (not shown).

Much of the heavy precipitation in the NORAD ensémis located to the
north of the observed convective system (Fig. jle little to no precipitation is
indicated in the NORAD ensemble (Fig. 5.4a, bha tegion of the observed trailing
convective line extending south into Texas (Figch. The failure of the NORAD
experiment during the analysis period to captuesstinucture of the observed MCS
suggests that EnKF assimilation of conventionah ddbne is grossly insufficient to
initialize the model for this case. The coveragd fiequency of conventional data
are greatly limited, while radar can sample regidghsoughout the storm at
comparatively high spatial and temporal resolutioBecause convective storms
vary on the scale of several minutes and hundréaseters, assimilation of radar
data is vital for convective-scale NWP. This resagrees with the findings of
Schenkman et al. (2011), whose similarly-configueggeriments using 3DVAR to
assimilate conventional and radar data also peddrwell with comparison to
observations only when radar data was assimilat@dmore detailed comparison of
the results presented in this chapter to thosecbki®kman et al. (2011) will be

included below in section 5.4.
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5.3 Ensemble Forecast Results

As in the single-grid experiments presented ingidra 3 and 4, a three-hour
ensemble forecast is performed from the 0200 UT&emble analyses of all six
inner-grid experiments. Examination and verifioatiof these ensemble forecasts
will follow a similar methodology to that of Chapte3 and 4. The primary focus
will be on ensemble forecasts of radar reflectivétyariable which serves as a proxy
for precipitation and can be easily verified agaisservations from the WSR-88D
radar network. Objective verification will be pemhed against reflectivity
observed by the WSR-88D network (Fig. 5.5) usirggROC skill score (RSS) and
Brier score, and both probabilistic and determimigstoducts will be considered, and

prominent biases in the ensemble forecasts of raflactivity will be examined.

0200 UTC 0300 UTC 0400 UTC 0500 UTC
! 7(5‘)447’ LT j\:— . B |

AR

L

Observations

Fig. 5.5: Radar data observed by WSR-88D radaesskKAMA, KDYX, KFWS,
KLBB, KTLX, and KVNX at (a) 0200UTC, (b) 0300 UTE), 0400 UTC, and (d)
0500 UTC, interpolated to level k = 10 of the modetl used by the inner-grid
experiments.
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The inner-grid experiments (see Table 5.1) canitidet! into three primary
categories: those examining the impact of assimgatarious radar data (NoCASA,
NoRAD); those examining the impact of varying thedal microphysics (PERT,
R6); and finally those examining the impact of ajiag the assumed observation
error for radial velocity and radar reflectivity NOL_LOW). The CNTL
experiment serves as a default against which ttiese categories of experiments
are to be compared. Each of these impacts wikkdyesidered in turn, beginning
with the impact of assimilating radar data. Finallye will consider ensemble
forecasts of mesovortices, as we did for the siggl® experiments of Chapters 3
and 4, using the object-based ensemble forecastaimique described in equation
2.2.

While we will focus separately on the impacts o€ theveral different
variations in ensemble forecast design mentionethénprevious paragraph, it is
desirable to include RSS and Brier Score stati$ticall inner-grid experiments in a
single chart to facilitate inter-comparison of akperiments together. For this
reason, graphs of RSS and Brier Score are inclbdkxnv in Fig. 5.6 and Fig. 5.7 for
all six inner-grid experiments; these figures Viié referred to in each of sections
5.3.1-5.3.4. Asin section 4.3.2, RSS and Brier&are calculated both for the full
model domain and for a sub-domain encompassingC#8A radar domain and
areas directly to the east and north of the CAS#ala (regions downwind of the
CASA domain in this case where the greatest impbassimilated CASA radar data

would be expected). The methodology used to catieuURSS and Brier Score is
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identical to that used in section 4.3.2, and thefigation sub-domain used here is

identical in geographic extent to the sub-domadticated in Fig. 4.2.

(a)
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0.7 BMCNTL

0.6 W NOCASA

0.5 mNoRAD

W PERT
0.4
R6
0.3
mCNTL_LOW

0.2

0.1

0200UTC 0300UTC 0400UTC 0500UTC 0200UTC 0300UTC 0400 UTC 0500UTC

Fig. 5.6: ROC skill score for the ensemble foré@aisial condition (at 0200 UTC)
and for 1-, 2-, and 3-hour forecasts of radar refieity at the 25 dBZ threshold on
vertical grid level k = 10 (slightly more than 2 kabove mean sea level) for all six
inner-grid ensemble forecast experiments. ShowenROC skill scores calculated
over (a) the entire horizontal model domain depicie Fig. 5.1 and (b) the ETS
verification sub-domain as depicted by the blackineliin Fig. 4.2.
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Fig. 5.7: As Fig. 5.6 but for Brier Score.
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5.3.1 Impact of Radar Data Assimilation

During the analysis period, the ensemble forecdisNORAD performed
relatively poorly compared to the experiments asatng radar data. Without
assimilating radar data, the structure of the Mege 0200 UTC ensemble analysis
agreed poorly with observations, and varied comalilg among ensemble members
(Fig. 5.3, Fig. 5.4). This trend continues throogithe 3-hour forecast period from
0200 to 0500 UTC in both deterministic forecasterfithe NORAD ensemble.

Probability-matched (PM) ensemble mean reflegtigtshown below in Fig.
5.8 for CNTL (Fig. 5.8a-c) and NoRAD (Fig. 5.8d&f) 0300, 0400, and 0500 UTC.
While in the PM mean of NORAD the heaviest preaeipiin associated with MCS is
poorly defined and displaced to the north (Figds)3the CNTL ensemble produces
a PM mean with a well-defined MCS at 0400 and 0680 (Fig. 5.8b, ¢) which
compares relatively well in location and extenthwthie observed MCS at those times
(Fig. 5.5¢c, d). At 0300 UTC the PM mean of CNTLhibits a relatively discrete,
cellular structure throughout much of the MCS (Fda) which does not match the
more consolidated MCS observed by the WSR-88D m&tabthat time (Fig. 5.5b).
The problem of overly cellular organization earlyridg the forecast period is
common to many of the experiments assimilatingrddsa.

The better performance of the ensemble when raalar are assimilated is
also evident in probabilistic forecasts produced GNTL and NoRAD using the
neighborhood ensemble probability (NEP) method rilesd in equation (2.1) using
a neighborhood radius of 5 km. Regions predictethe CNTL ensemble to have

high probability ofZ > 25 dBZ (Fig. 5.9a-c) show much greater agreemsht the
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observed regions a > 25 dBZ than those of NoRAD (Fig. 5.9d-f). Usiag40
dBZ threshold for NEP calculations, corresponding eavier convective
precipitation, it becomes evident that the CNTLesnBle predicts an overabundance
of heavy precipitation regions with> 40 dBZ (Fig. 5.10a-c), though these regions,
at least over the northern part of the convectygtesn, are not too far displaced from
areas of observed > 40 dBZ. The NoRAD ensemble (Fig. 5.10d-f) petslia
more reasonable coverage df > 40 dBZ over central Oklahoma, but also

erroneously predicts significant probabilityH$ 40 dBZ over southern Kansas.
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0300 UTC 0400 UTC

1 =

CNTL

NoRAD

Fig. 5.8: Probability-matched ensemble mean ragdlectivity on model grid level
k = 10 (approximately 2 km above the surface) fidTC at (a) 0300 UTC, (b) 0400
UTC, and (c) 0500 UTC; and for NoRAD at (d) 03003,){e) 0400 UTC, and (f)
0500 UTC.
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Fig. 5.9: Neighborhood ensemble probabilities ¢ceshading) of reflectivity
exceeding 25 dBZ,[”Z > 25 dBZ, at model grid level 10 (approximately 2 km
above the surface) for CNTL at (a) 0300 UTC, (®WTC, and (c) 0500 UTC, and
for NORAD at (d) 0300 UTC, (e) 0400 UTC, and (@®TC. The 25 dBZ radar
reflectivity contour observed by the WSR-88D rautwork at the corresponding
time is indicated by the bold black contours. Urlzaieas are shown with thin,
purple contours.
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Fig. 5.10: As Fig. 5.9 but for neighborhood enskngrobability calculated using
a threshold of 40 dBZ and the observed 40 dBZ conto

Looking at individual ensemble member forecastscan be seen that
variation in the position of the MCS is largely pessible for the smooth,
widespread, relatively weak precipitation in the Rd® PM mean. Radar
reflectivity is shown below in Fig. 5.11 for thrggical NORAD ensemble members:
#3 (Fig. 5.11a-c), #16 (Fig. 5.11d-f), and #32 (Ed.1g-i) at 0300, 0400, and 0500
UTC. These individual NORAD ensemble members ebdture a relatively
discrete MCS compared to the PM mean (Fig. 5.8thf) agree upon a large region

of stratiform rain in northwestern Oklahoma andtbaestern Kansas, but disagree
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among one another in the position and structutbeMCS over central Oklahoma.
When these relatively divergent members are avdrémebtain the ensemble mean
(and from there the PM ensemble mean), the positiierences in the MCS result
in the spatial smoothing observed in Fig. 5.8.

While the assimilation of conventional data alomé&loRAD is sufficient to
produce organized multicellular convection in alsemble members (see Fig. 5.11),
the predictions of the individual members compamorly with WSR-88D
observations between 0300 and 0500 UTC (Fig. 5)5b-@onvection extends into
southwestern Oklahoma in many of the NORAD membetsieen 0300 and 0500
UTC, in regions where no convection was observed Bg. 5.5), and the stratiform
rain region in most members is shifted too far be@ thorth. Some NORAD
members, such as member #32, predict the preséreearganized convective line
(Fig. 5.11g, h), but the convective lines predictady widely in orientation and do
not extend nearly as far south as those seen iangi®ns. Very few of the

NoRAD members featured a well-defined line-end exart
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Fig. 5.11: Radar reflectivity at model grid levek 10 (approximately 2 km above
the surface) for three NORAD ensemble membersGit, @2l00, and 0500 UTC.
Shown are (a-c) NORAD member #3, (d-f) NoORAD me#ib&rand (g-i) NoORAD
member #32.
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In CNTL, where radar data is assimilated in additto conventional data,
there is much greater agreement between diffemetcést ensemble members, as
well as between forecast ensemble members andvalises. Radar reflectivity
forecasts from three typical CNTL ensemble membessshown below in Fig. 5.12
between 0300 and 0500 UTC. Though the membersmaderately in the extent
and intensity of the trailing line, particularly 8600 UTC (Fig. 5.12c, f, i), all
members feature an organized MCS whose positioeeagelatively well with that
observed by the WSR-88D network (Fig. 5.5). UnlikeNoRAD, most CNTL
members feature a line-end vortex located at thehem end of the trailing
convective line, similar to the observed MCS. Ritamh of the line-end vortex will
be considered in greater detail below in secti@65.

The relatively poor quality of the NORAD initialondition is reflected in
objective forecast verifications using the RSS (Fig) and Brier score (Fig. 5.7).
When the entire forecast domain is consideredinitial NORAD ensemble (valid at
0200 UTC) generates a RSS of just 0.53, comparéd9@ for CNTL (Fig. 5.6a).
Both ensembles perform slightly better on the ieaifon sub-domain (Fig. 5.6b),
though the RSS of 0.65 produced by NoRAD still carep poorly to the 0.97
produced by CNTL. The difference is even more pumted in the 0200 UTC
Brier score, where CNTL has a lower (better) vdlyea factor of 5 on both the full
domain and the verification sub-domain (Fig. 5.7Jhe reason for the greater
difference in Brier score between the two experitsiés due to the extensive over-

prediction of light precipitation in the 0200 UTCoRAD ensemble. The Brier
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score rewards correct prediction of clear-air ragj@ metric which heavily penalizes

the 0200 UTC NoRAD ensemble.

0300 UTC Q400 UTC
L TG T

Member 3

Member 14

Member 30

Fig. 5.12: As Fig. 5.11, but for three typical emtble members from CNTL. Shown
are (a-c) CNTL member #3, (d-f) CNTL member #14d,(gA) CNTL member #30.
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During the forecast period, CNTL consistently @rfprms NoRAD in both
RSS and Brier score calculated on the full dom&iiy.(5.6a, Fig. 5.7a) by a
considerable margin, though this margin decreas#s increasing forecast time,
especially for the Brier score. On the verificatgub-domain, CNTL substantially
outperforms NoRAD at 0300 and 0400 UTC (Fig. 5/, 5.7b), but by 0500 UTC
NORAD actually slightly outperforms CNTL in both BSand Brier score. While
the quality of the CNTL forecast ensemble declifesughout the forecast period as
measured by both skill scores, the skill scoreBloRAD remain relatively steady
throughout the forecast period, dropping only glighelow their initial 0200 UTC
values by 0500 UTC. In CNTL, the relatively ragidcline in both skill scores on
the sub-domain at 0500 UTC is largely due to ovedjgtion of the intensity of the
trailing convective line (see Fig. 5.12c, f, i)tendency which was not shared by
NoRAD (see Fig. 5.11c, f, i). The over-predictioh heavy precipitation in the
trailing convective line in CNTL is also clearlysible in NEP forecasts af > 40
dBZ, where CNTL predicts a wide swath oZP{ 40 dBZ] exceeding 0.8 to the east
and southeast of the CASA domain where no pretipiteexceeding 40 dBZ was
observed by the WSR-88D radar network (Fig. 5.10c).

While NoRAD compares poorly to CNTL overall, thises not imply that the
NoRAD ensemble forecast was entirely unskilled. rotighout the forecast period,
on the verification sub-domain, NORAD RSS valuesgefrom 0.47 to 0.68 (Fig.
5.6b)—even at the minimum of this range, the NoRfaBecast ensemble exceeds
the RSS of 0.4 considered to be the minimum foseful forecast (Buizza 1997;

Kong et al. 2011). Even on the full domain, theRA® forecast remains above the
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0.40 RSS threshold until after 0400 UTC. The that the NORAD forecast retains
useful skill throughout most, if not all, of therézast period indicates that structures
and forcing at the mesoscale (and at larger sch#shg control on the precipitation
features were present in this case which could &adiafly captured by the

assimilation of conventional observations.

5.3.2 Impact of CASA Data

The primary objective of experiment NOCASA is wakiate the impact of
including CASA data. NoOCASA differed from CNTL gnin the exclusion of
CASA radar during data assimilation on the innél getween 0105 and 0200 UTC.
In this section we will examine the impact on tedectivity forecast. Impacts on

ensemble forecasts of mesovortices will be consdliter in section 5.3.6.
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Fig. 5.13: As Fig. 5.8 but for CNTL at () 0300@©T(b) 0400 UTC, and (c) 0500
UTC: and NoCASA at (d) 0300 UTC, (e) 0400 UTC, @nei500 UTC.

On a system-wide scale, there is relatively lidi€ference in the overall
structure and evolution of the MCS predicted byeéhsemble mean of NOCASA as
compared to that predicted by the ensemble mea@NJXL. The PM ensemble
means of radar reflectivity in CNTL and NoCASA &00, 0400, and 0500 UTC (1,
2, and 3 hours of forecast time, respectively) stnewn in Fig. 5.13, and the
similarity of the two ensembles is apparent. Betisembles predict a MCS over
central Oklahoma, in good agreement with obsermat{€ig. 5.5), with a trailing line

extending south and south-southwestward into nortihexas.

137



0500 UTC

ol

CNTL

40.80

40.60

0.40

0.20

NoCASA

0.05
0.00

Fig. 5.14: As Fig. 5.9 but for CNTL at () 0300@©T(b) 0400 UTC, and (c) 0500
UTC: and NoCASA at (d) 0300 UTC, (e) 0400 UTC, @n@i500 UTC.

Many members of both the CNTL and NoCASA ensemlalls® predict some
convective activity associated with the leading vamive line located in the
observations to the east and southeast of the Cr/aar network (Fig. 5.5b, c) at
0300 and 0400 UTC, as indicated by the areas oferately high NEP oZ > 25

dBZ in these regions in both CNTL and NoCASA (FHdl4). NoCASA also shares
the tendency of the CNTL ensemble to predict a nietellar organization than seen

in observations (Fig. 5.5) at 0300 UTC (Fig. 5.18a, and to over-predict the
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intensity of the trailing convective line, partiadly at later times, as is evident in the
NEP of Z > 40 dBZ in both ensembles south and southeasheofCASA radar

network (Fig. 5.15).
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Fig. 5.15: As Fig. 5.10 but for CNTL at (a) 0300, (b) 0400 UTC, and (c) 0500
UTC; and NoCASA at (d) 0300 UTC, (e) 0400 UTC, @n@500 UTC.

When the ensemble forecasts are verified usingR8& and Brier score,
almost no difference can be seen between the taengnles for scores calculated on
the full domain (Fig. 5.6a, Fig. 5.7a). The twoekasts also perform similarly on
the verification sub-domain (Fig. 5.6b, Fig. 5.7khough NOCASA slightly

outperforms CNTL in both RSS and Brier score inithigal condition at 0200 UTC
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and in the 1-hour forecast at 0300 UTC,; this trenceversed in the 2- and 3-hour
forecasts at 0400 and 0500 UTC, at which time CHNIghtly outperforms NoCASA
in both RSS and Brier score. The initially slighitletter performance of NOCASA
on the verification sub-domain can likely be atitdx to the impact of attenuation in
observations from CASA radars, as was discussegdtion 5.2. As indicated by
the better performance of CNTL at 0400 and 0500 R3S impact appears to be
temporary, and outweighed at later times by thetipesimpact of assimilating
additional near-surface radar data from the CASKvoiX.

The impact of assimilating CASA data becomes napparent when we
consider the spread of the ensemble forecast @ir nadlectivity and focus on the
region near and downwind of the CASA radar networknsemble spread of radar
reflectivity at 0300, 0400, and 0500 UTC is showan the CNTL and NoCASA
ensembles in Fig. 5.16. In both ensembles, higperad occurs near the fringes of
the predicted MCS. Because of differences in th&@tipn and movement speed of
the MCS between individual ensemble members (sge 3-12), points near the
fringe of the MCS contained moderate to heavy céflgy in some ensemble
members, but clear air in others, leading to |&R§S spread values. By contrast,
in the core of the MCS and the trailing line, atisemble members indicate that
moderate to heavy precipitation is present (see3Fi), thus the relative difference
in reflectivity between ensemble members, and hémeedRMS ensemble spread, is

lower.
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CNTL

NoCASA

Fig. 5.16: RMS Ensemble spread of radar reflestion model grid level k = 10
(approximately 2 km above the surface) for CNT{@a0300 UTC, (b) 0400 UTC,
and (c) 0500 UTC; and for NoCASA at (d) 0300 U} ,0400 UTC, and (f) 0500
UTC. 30 km CASA range rings are shown in blacH, @aban boundaries are
indicated in purple.

When the difference between the RMS ensemble gk in CNTL and
that in NOCASA is calculated for 1-, 2, and 3-h@arecasts at 0300, 0400, and 0500
UTC (Fig. 5.17), the largest differences in RMSeamble spread occur near and
downwind of the CASA radar network. In Fig. 5.190sitive values indicate
regions in which CNTL has a greater RMS spreadZofvhile negative values
indicate regions where NOCASA has a greater RM@&mabke spread af. At 0300

UTC (Fig. 5.17a), a there is a considerable regiothe northeastern portion of the
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CASA radar network and just to its north where N&2Ahas a much higher
ensemble spread @ than CNTL, with difference in RMS ensemble spre&dnore
than 10 dBZ in a few regions. This region of highasemble spread in NoCASA
moves to the north-northeast over time, and istéatpust to the east and northeast of
the CASA radar network by 0400 UTC (Fig. 5.17b).y 800 UTC the region of
higher ensemble spread in NoCASA has decreased agnitmde, with peak
differences of only slightly less than 10 dBZ (cargnl to more than 13 dBZ at 0300
UTC), but the region is still well-defined to thertheast of the CASA domain (Fig.

5.17¢).
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Fig. 5.17: Difference in RMS Ensemble spread daraeflectivity on model grid
level k = 10 (approximately 2 km above the surfdoe]CNTL — NoCASA) at (a)
0300 UTC, (b) 0400 UTC, and (c) 0500 UTC in a regiear and downwind of the
CASA radar network. 30 km CASA range rings arevsha black.

This region of higher RMS spread in NoCASA thanONTL represents a
plume of reduced ensemble spread in CNTL extendownwind from the CASA
radar network with time. The reason for this plusithe impact of the CASA radar
data assimilated in CNTL (which was not assimilatedNoCASA); the wealth of
densely-spaced CASA data assimilated reduced tkerde spread of in the
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region. This reduced spread was advected to thb-northeast by the prevailing
south-southwesterly wind in the region, movingonghly the same direction and at
the same speed as the observed MCS (see Fig. 9.b¢ persistence of this plume
at 0400 and even 0500 UTC suggests that, at l@eaatregional scale, the impact of
CASA radar data assimilated between 0105 and 020D t@¢mains quite evident in
the forecast two hours later at 0400 UTC, and hiiset fully disappeared by the
end of the forecast period at 0500 UTC. The regiampact of this data at 0400
and will be further considered in section 5.3.6,erehensemble forecasts of the
tornadic mesovortex occurring near the southerergxtf the plume at 0400 UTC
will be examined. In the field of targeted obséinmresearch, expected reduction
in ensemble forecast variance is often used as asume of the impact of added

observations (Majumdar et al. 2001).

5.3.3 Impact of Microphysical Variations
Two inner-grid experiments were performed to itigade the impact of

varying the model microphysics of the forecast ende. In R6, the rain intercept
parameter of the Lin et al. (1983) microphysicsesct used in all ensemble
members is increased from 8.0>10 4.0-16.  While Snook and Xue (2008) found
that a rain intercept parameter of 8.5-peoduced the best results for a supercell
simulation, it is possible that a larger value loé rain intercept parameter may be
optimal for a squall-line simulation such as th® &ay 2007 MCS case studied
here. In PERT, the rain intercept parameter isedawithin the ensemble in an

effort to produce the same type of benefit obsewbkdn using mixed-microphysics
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in the single-grid experiments presented in Chafeand 4 without the drawback of
a multi-modal distribution resulting from the udedifferent microphysical schemes
within the ensemble (see Fig. 4.19).

Unlike the impact of CASA data, which was mostlgdlized in a region near
and downwind of the CASA domain, the impact of gemto the microphysical
parameterization appears on a system-wide scaléile\&ubtle differences can be
observed throughout the MCS, the greatest diffeehetween CNTL and R6 in the
PM mean reflectivity field (Fig. 5.18) can be seaanthe trailing convective line
extending southward into northern Texas, especially0400 and 0500 UTC.
Compared to the trailing line in the PM mean of CNFig. 5.18b, c), the trailing
line in R6 (Fig. 5.18e, f) is not as intense, maarly at 0400 UTC. The less
intense line agrees better with the observed iitteokprecipitation at this time (Fig.
5.5c). The trailing line in the PM mean of PERRiso weaker than that in the PM
mean of CNTL, but the difference is even more pumoed (Fig. 5.18h, i).

CNTL, R6, and PERT all indicate the presence wmivegative activity in the
leading convective line located just to the east aoutheast of the CASA radar
network at 0300 and 0400 UTC (Fig. 5.5b, c; Fig8%. When the NEP & > 25
dBZ is calculated, all three experiments predictaterate probability o > 25 dBZ
in the vicinity of the observed leading convectivee at 0300 and 0400 UTC (Fig.
5.19a-b, d-e, g-h). Both PERT and R6 predict higitebabilities than CNTL in
the region of the leading convective line. At #@ dBZ threshold (Fig. 5.20), all

three experiments predict significant probabilitefsZ > 40 dBZ in the trailing
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convective line where no precipitation of that ity was observed, but the greatest

over-prediction is in CNTL, followed by R6; the oyarediction in PERT is the least.
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Fig. 5.18: As Fig. 5.8 but for CNTL at (a) 0300 @©;T(b) 0400 UTC, and (c) 0500
UTC; R6 at (d) 0300 UTC, (e) 0400 UTC, and (f) OROGC; and PERT at (g) 0300
UTC, (h) 0400 UTC, and (i) 0500 UTC.
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Fig. 5.19: As Fig. 5.9, but for CNTL at (a) 0300 T, (b) 0400 UTC, and (c) 0500
UTC; R6 at (d) 0300 UTC, (e) 0400 UTC, and (f) OROCC; and PERT at (g) 0300
UTC, (h) 0400 UTC, and (i) 0500 UTC.
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Fig. 5.20: As Fig. 5.10 but for CNTL at (a) 0300@, (b) 0400 UTC, and (c) 0500
UTC; R6 at (d) 0300 UTC, (e) 0400 UTC, and (f) OROGC; and PERT at (g) 0300
UTC, (h) 0400 UTC, and (i) 0500 UTC.
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The better agreement with observations seen in RMe mean radar
reflectivity and NEP reflectivity forecasts for PERnd R6 compared to CNTL is
reflected in the ROC skill score and Brier scomistics for the three experiments.
On the full domain, both R6 and PERT slightly outpen CNTL at all hours
between 0200 and 0500 UTC in both ROC skill scéiig.(5.6a) and Brier score
(Fig. 5.7a). On the verification sub-domain, PE&IIperforms CNTL in both RSS
and Brier score at all times (Fig. 5.6b; Fig. 5,Abjth the greatest improvement
being at 0500 UTC. Similarly R6 outperforms CNTilal times on the verification
sub-domain in RSS (Fig. 5.6b), and outperforms CNY Brier score (Fig. 5.7b) at
all times except 0400 UTC, at which time the twdqen equally well.

In terms of the skill score metrics consideredig b.6 and Fig. 5.7, R6 and
PERT perform similarly for most of the forecastipdr both on the full domain and
on the verification sub-domain. The relative saritly in the skill scores of R6 and
PERT suggests that much of the improvement of tleaperiments over CNTL is
likely derived from the increased rain interceptapaeter they employ (in PERT, the
mean rain intercept parameter is 4.4 16hich is very close to that of R6), rather
than the variation in rain intercept parameter &RF. It is also possible that
forecast improvement may be imparted by variatibthe rain intercept parameter,
but that this improvement is not captured by bkiK statistics such as the RSS and

Brier score.
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Fig. 5.21: As Fig. 5.11, but for three typical entle members from PERT. Shown
are (a-c) PERT member #3, (d-f) PERT member #1d (@) PERT member #35.

variation of the rain intercept parameter in PEROESIappear to noticeably impact

Member 3

0300 UTC 0400 UTC 0500 UTC
; I;Etﬂfri ey T T T
_,%‘,-1: —H : J’
g |
‘4\ j - - \ %\)T/
“y

Member 11

[

. ‘. | I “
\H -

Member 35

the behavior of the ensemble members.
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Though there is little difference in skill scoregtween R6 and PERT,

The weakéding line in PERT as



compared to CNTL can be traced to greater variaaimong PERT members in the
position, orientation, and intensity of the tragjifine, particularly at 0400 and 0500
UTC. These differences can be seen in Fig. 5.2fictw shows predicted

reflectivity at vertical model level k = 10 (appioately 2 km above the surface) for
three members of the PERT ensemble. All threeheké members predict a
relatively robust trailing convective line that rams present through 0500 UTC, but
by 0500 UTC the line has evolved quite differertstween the three. In PERT
member #3 (Fig. 5.21c), a thin, moderately intelise is predicted. In PERT

member #11 (Fig. 5.21f), the trailing line does eatend as far south, contains
slightly more intense convection, and exhibits aving pattern. PERT member
#35 (Fig. 5.21i) predicts a thicker intense linesauthern Oklahoma, with only weak
precipitation extending south into Texas. Whiliedences exist between the three
ensemble members in treatment of other portiorthe@MCS, the differences in the

trailing line are the most pronounced.

@ L (b)

i\‘\ 15

b

5 b
.tv‘?@ﬁ

]
[ (o
4

>

o

1
TP s A
‘Q

4

&)
=
E
)
5

Fig. 5.22: As Fig. 5.17, but for (CNTL — PERT).
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The greater variation in the trailing convectiugelin PERT can be seen in
the difference between RMS ensemble spread of nadiectivity between CNTL
and PERT (Fig. 5.22). Early in the forecast perad0300 UTC, there is little
pattern in the difference in RMS error between CNafld PERT (Fig. 5.22a). At
0400 and 0500 UTC, however, considerably higher RiMiSemble spread & is
present over much of the region in and near thingaconvective line, as evidenced
by the large area of negative values to the sonthsautheast of the CASA radar
network in Fig. 5.22b-c. Though some positive galean be seen in other regions
of the convective system (Fig. 5.22b-c), there arere negative regions than

positive, indicating the presence of slightly gegapread in PERT than in CNTL.

5.3.4 Impact of Assumed Observation Error

One notable difference between the nested-gricgtraxents presented here
and the single-grid experiments presented in Ce@t@nd 4 is a difference in the
assumed observation error for radar reflectivityl aadial velocity observations
assimilated between 0105 and 0200 UTC. In thdesiggd experiments, relatively
low observation errors of 2 dBZ for radar refleitsivand 1 ms for radial velocity
were assumed during EnKF data assimilation. Whiése values have been used
successfully in observation system simulation e@rpemts (OSSE’s) such as Jung et
al. (2010), higher values may be optimal in expenta assimilating real data.
Thus, in five of the inner-grid experiments, indhgl CNTL and those discussed
above in sections 5.3.1-5.3.3, increased observativors of 3 dBZ for radar

reflectivity and 2 m3 for radial velocity are assumed (see Table 5.19ner-grid
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experiment CNTL_LOW, however, uses the same reducddes of assumed
observation error (2 dBZ for radar reflectivity ahdns' for radial velocity), as the
single-grid experiments during EnKF radar datamagaiion. During the forecast

period, CNTL and CNTL_LOW share an identical enskendlesign and model setup.

70

CNTL

CNTL_LOW

10

Fig. 5.23: As Fig. 5.8 but for CNTL at (a) 0300 ©;T(b) 0400 UTC, and (c) 0500
UTC; and CNTL_LOW at (d) 0300 UTC, (e) 0400 UTQJ &ip0500 UTC.
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Fig. 5.24: As Fig. 5.9 but for CNTL at () 0300@©T(b) 0400 UTC, and (c) 0500
UTC: and CNTL_LOW at (d) 0300 UTC, (e) 0400 UTG &)0500 UTC.
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Fig. 5.25: As Fig. 5.10 but for CNTL at (a) 0300, (b) 0400 UTC, and (c) 0500
UTC: and CNTL_LOW at (d) 0300 UTC, (e) 0400 UTQ &)0500 UTC.

In the PM ensemble mean &f differences between the two experiments are
relatively minor. Compared to CNTL, CNTL_LOW pret§i slightly stronger and
more widespread convection in the region of thiéirigaconvective line (Fig. 5.23b-

c, e-f; Fig. 5.5¢c-d); elsewhere, the two experimgmtoduce similar PM ensemble
mean values. When the ensemble is used to gererateghborhood ensemble
probability forecast, however, the differences e the two experiments become
more pronounced. For both NEP 2% 25 dBZ (Fig. 5.24) and > 40 dBZ (Fig.

5.25), areas with NEP values exceeding 0.5 ardasilmeétween the two experiments,

but NEP values are considerably greater in CNTL_L@®Mh in CNTL in many of
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these areas. Also, while both experiments oveneséi the coverage of
precipitation exceeding 40 dBZ (Fig. 5.25), espéclate in the forecast period, the
error is greater in CNTL_LOW, which predicts higheobabilities ofZ > 40 dBZ

over larger regions where no precipitation excegpdii dBZ was observed (Fig.

5.25f).

15
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Fig. 5.26: As Fig. 5.17, but for (CNTL — CNTL_LQW)

The higher NEP values in many regions of the fasean CNTL_LOW can
be largely attributed to reduced ensemble sprea€NTL LOW compared to
CNTL. Fig. 5.26 shows the difference in RMS ensiemdpread inZ between
CNTL and CNTL_LOW on vertical model level 10 (atpapximately 2 km above
the surface) over the full extent of the MCS. Esuby at 0300 UTC (Fig. 5.26a),
the difference field is dominated by positive valuimdicating that ensemble spread
of Z is considerably higher in CNTL than in CNTL_LOW dhghout the MCS.
Higher ensemble spread £in CNTL is less pronounced later in the forecasiooe

but still persists to a lesser extent at 0400 UFgE.(5.26b) and 0500 UTC (Fig.
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5.26c¢), particularly near and to the south of tHeS& domain in the region of the
trailing convective line (Fig. 5.5¢, d). This deasing difference with time is not
unexpected, because CNTL and CNTL_LOW share thes sapdel and ensemble
configuration during the forecast period; the owli§ferences between the two
experiments are the assumed observation errors fosed and V; during EnKF
assimilation of radar data. During the forecastradel error increases, the impact
of the initial state (at 0200 UTC) is likely to daninished.

In terms of objective forecast verification usitng RSS and Brier score, the
lower assumed observation errors used in CNTL_LQipear to have a negative
impact on the forecast quality. At 0200 UTC, CNahd CNTL_LOW begin with
similar RSS and Brier scores (Fig. 5.6, Fig. 580th on the full domain and the
verification sub-domain. During the forecast pdribowever, CNTL consistently
performs slightly better than CNTL_LOW on the fdbmain in terms of both RSS
(Fig. 5.6a) and Brier score (Fig. 5.7a). On thdfieation sub-domain (Fig. 5.6b,
Fig. 5.7b) the difference is more pronounced; CNJubstantially outperforms
CNTL_LOW at all hours during the forecast, and diféerence increases with time.
By 0500 UTC, at 3 hours of forecast time, CNTL iretaa relatively skillful RSS of
0.66 on the verification sub-domain, while the RBENTL LOW has decreased to
0.51. At 0500 UTC, CNTL_LOW was the poorest perforg of all six forecast
experiments on the verification sub-domain in teohboth the RSS (Fig. 5.6b) and
the Brier score (Fig. 5.7b). These results sugthestthe higher values of assumed
observation error faZ andV; used in CNTL do indeed produce better forecastitses

for this real-data case.
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5.3.5 Biases in the Ensemble Forecasts

In the single-grid forecast experiments preseetmtier, two primary biases
are identified in the reflectivity forecasts: a igdpias in intense (> 35 dBZ2)
reflectivity, and a low bias in weak (< 20 dBZ)lesfivity (Fig. 4.17). These biases
result, respectively, from over-prediction of sigortonvective regions (especially in
the trailing line), and under-prediction of stratih precipitation in the trailing line
and trailing stratiform region. Biases in raddtedivity are examined in a similar
fashion for the inner-grid experiments by consingtreflectivity histograms using
the method outlined at the beginning of section34.3 The resulting histograms for
inner-grid experiment CNTL are shown below in FH@7.

Compared to the similar reflectivity histogramsdguced for the single-grid
experiments discussed in Chapter 4 (Fig. 4.17graddifferences are apparent. In
the initial forecast state at 0200 UTC, there isyudtle difference between the
histograms of the ensemble mean and the ensembighene for the single-grid
experiment (Fig. 4.17b, c). By contrast, for inrged experiment CNTL, while
similar numbers of grid volumes contain reflecivitvalues greater than
approximately 30 dBZ in the ensemble mean and episemembers, the individual
members contain significantly more low-reflectiviialues (< 30 dBZ) than the
ensemble mean (Fig. 5.27). This difference inésajreater spread in the inner-
grid CNTL ensemble presented here, because spredtiei ensemble leads to
smoothing of the ensemble mean and difference @ réflectivity distribution

between the ensemble mean and ensemble membeiis. difference is likely the
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result of the mesoscale perturbations added toélsted-grid ensemble on the outer
grid, as discussed in section 5.1.

The two biases identified in Chapter 4 appeard@iesent in the inner-grid
CNTL ensemble. During the forecast period (Fig.78:1), both the ensemble mean
and ensemble members of CNTL exhibit a low biaskw&a30 dBZ) precipitation
and a high bias in intense (> 45 dBZ) precipitat&r0300, 0400, and 0500 UTC.
Unlike the single grid experiments, however, thghhbias in intense precipitation
appears to be present primarily in individual ensiermembers, and does not appear
in the ensemble mean. This can also be attrilotggdeater ensemble spread in the
inner-grid experiments than in the single grid expents, both from mesoscale
perturbations added on the outer grid, and from tise of higher assumed
observation errors faf andV,, as discussed in section 5.3.4. The low biasdakw
precipitation is present in both the ensemble mesnaed ensemble mean, resulting
from model error—specifically, the tendency of thedel to predict too much strong

convection compared to the observations.
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Fig. 5.27: Domain-wide histograms of reflectivityt@nsity in CNTL at 0200, 0300,
0400, and 0500 UTC. Shown are WSR-88D observaitibeipolated to the model
grid (left column), the ensemble mean (center cojurand individual ensemble
members normalized by the size of the ensemblat ga@umn). The vertical axis
indicates the number of model grid volumes (in samals) containing reflectivity of
a given intensity.
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While similar biases are observed in the five rgéd experiments
assimilating radar data (see Table 5.1), the biasesxperiment NORAD, which
assimilates only conventional data, differ sigrifidy from those of the other five
inner-grid experiments. Domain-wide reflectivitistograms are shown below in
Fig. 5.28 for NORAD. The initial ensemble meanNobRAD, obtained from the
0200 UTC ensemble member analyses, exhibits biegpsesite to those seen in
CNTL—specifically, the NoRAD ensemble mean has & lbias in intense
precipitation (> 40 dBZ) and a strong high biadight precipitation (< 30 dBZz).
The 0200 UTC ensemble members in NORAD show a higls for light and
moderate precipitation (< 40 dBZ).

The high bias of weak precipitation in NORAD at 020TC is particularly
pronounced and is present in both the ensemble rearin individual ensemble
members. For precipitation between 15 and 20 dBZmodel in NORAD has 2 to
3 times as many grid volumes with precipitatioradafiven intensity as are present in
observations. This bias quickly disappears, howeatelater times, very little bias
can be seen in light precipitation in either theRMA® ensemble mean (Fig. 5.28e, h,
k) or ensemble members (Fig. 5.28f, i, ). At after 0300 UTC the ensemble
mean of NORAD consistently contains substantialgsl moderate and heavy
precipitation than the ensemble members, a quafitficative of significant

smoothing in the mean due to variation within theesnble (see Fig. 5.11).
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Fig. 5.28: As Fig. 5.27 but for NoRAD.
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Even at 0500 UTC, significant differences can bensin the reflectivity
histograms between CNTL and NoRAD. In the ensemi@mbers (Fig. 5.27I, Fig.
5.28l), CNTL shows a notable low bias of light pp#tation that is absent in
NOoRAD. This suggests that assimilation of radatadavhile it substantially
improves the representation of the storm in theemibde (as discussed in earlier
sections), is also responsible for altering the ehsthte in such a way that a low bias
in weak (< 30 dBZ) reflectivity is introduced. this case, this bias appears to be
the result of an underestimation of stratiform oegi of precipitation in the model
and an overabundance of convection, particularlthentrailing line (see Fig. 5.13,
Fig. 5.18, Fig. 5.23). Identifying the cause oisthias and considering ways to

mitigate it can be topics for future investigations

5.3.6 Ensemble Forecasts of Mesovortices

As in the single-grid forecast experiments preseit Chapter 4, each of the
inner-grid forecast experiments (CNTL, NoCASA, NdRAPERT, R6, and
CNTL_LOW) are manually examined at 0400 to identsignificant low-level
vortices, the method outlined in section 2.4. Vbaices identified are considered
objects for the purpose of verification, and thkications are used along with
equation 2.2 to generate forecasts of the prolabili one or more significant
(vertical vorticity ¢ > 0.02 &) low-level vortices being present within 25 km af
point. The probabilities thus calculated are shdwn each of the inner-grid
ensemble forecast experiments below in Fig. 5.28hen comparing these results to

those presented for the single-grid experimentsSign 4.20, it should be noted that
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the inner-grid CNTL experiment (Fig. 5.29a) usesirgyle-microphysics ensemble,
and thus, of the three single-grid experiments,trolosely resembles the single-grid
NoMMP experiment (Fig. 4.20d), and not the singlietdCNTL experiment (Fig.
4.20a) which uses a mixed-microphysics ensembldso, At should be remembered
that the single-grid experiments presented in &ig0 use lower values of assumed
observation error fov, andZ during EnKF data assimilation, identical to thased

in CNTL_LOW.
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Fig. 5.29: Probability of significant low-level iaes within 25 km of a point at
0400 UTC for (a) CNTL, (b) NoCASA, (c) NoRAD, (BRH, (e) R6, and (f)
CNTL_LOW. 30 km CASA radar range rings are showrhe position of the EF-1
tornado reported beginning at 0354 UTC is indicalbgcthe black star.
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Of the six inner-grid ensemble forecast experigentive indicate
probabilities of greater than 0.3 of significanivitevel vortices being present in the
vicinity of the tornadic mesovortex observed at @40TC. Only NoRAD (Fig.
5.29c¢), which did not assimilate radar data, faisindicate the presence of this
significant low-level circulations in the vicinitgf the mesovortex. The greatest
probability is indicated by experiment R6 (Fig. e, which predicts a maximum
probability of greater than 0.7 and a probabiligtd tightly concentrated around the
location of the observed mesovortex. CNTL (Fi@9s) also exhibits a probability
field concentrated near the observed mesovorteygthn the maximum probability
value in CNTL is lower, between 0.5 and 0.6. Thmaining three experiments
(PERT, NoCASA, and CNTL_LOW) exhibit somewhat lessicentrated probability
fields with maxima ranging between 0.3 and 0.5.(big9Db, e, f).

The higher probability predicted in the vicinitf the tornadic mesovortex in
R6 (Fig. 5.29e) as compared to CNTL (Fig. 5.29a@gssts that increasing the rain
intercept parameter improves the ensemble forechghe tornadic mesovortex
observed in this case. CNTL uses a fixed rairriefet parameter of 8.0-1@vhile
R6 increases this by a factor of 5, using a fixad intercept parameter of 4.0°10
In the single-grid experiments presented in chagtethe ensemble forecasts are
found to produce relatively weak cold pools of apmmately 2 K (Fig. 4.18),
compared to observed temperature drops of appréeiynd K during the passage of
the MCS at nearby Oklahoma mesonet surface obsamvsites (not shown). The
increased rain intercept parameter used in R6tsesul drop size distribution that

favors smaller raindrops. Because these smalledmaps have a greater total surface
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area, evaporation of raindrops is increased in tR6s increasing the amount of
cooling occurring as a result of the evaporationagidrops. While Snook and Xue
(2008) found that a rain intercept parameter of1&0produced more realistic cold-
pool structure for a supercell case, this doesappear to hold true for the 8-9 May
2007 MCS case studied here.

The probabilistic forecast of mesovortices did appear to benefit from a
perturbed rain intercept parameter, as evidencethéyower maximum and more
diffuse probability distribution in PERT (Fig. 5.@Pas compared to that in CNTL
(Fig. 5.29a). CNTL already exhibits a relativelgog forecast of the low-level
mesovortex at 0400 UTC (Fig. 5.29a). For this saaghe increased ensemble
spread of PERT induced by the perturbation of #e intercept parameter among its
ensemble members has a negative impact on the orésoforecast.

The inclusion of CASA radar data significantly irapes the 0400 UTC
mesovortex forecast; this finding agrees with rsséiom the single-grid forecast
experiments presented in Chapter 4 (Fig. 4.20).mf@&ed to CNTL (Fig. 5.29a),
NoCASA (Fig. 5.29b) predicts a lower maximum prabgbin the vicinity of the
observed mesovortex, and slightly higher probaeditvell to the north of the CASA
domain. These false alarms, indicated by the resgud probability between 0.1 and
0.25 near the Oklahoma-Kansas border in sevetakoéxperiments, are the result of
small circulations in the northern stratiform regiof the MCS within a few
ensemble members. Inclusion of CASA radar dat@iges valuable information
about the near-surface flow, which is important foediction of features, such as

mesovortices, that are strongly sensitive to lovelelynamics.
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Decreasing the assumed observation errorVfoend Z, as was done in
CNTL_LOW (Fig. 5.29f) resulted in a poorer ensemioleecast of the near-surface
mesovortex observed at 0400 UTC. The probabilitgldf predicted by
CNTL_LOW (Fig. 5.29f) somewhat resembles that oé tNoMMP single-grid
forecast (Fig. 4.20f)—this is not surprising comsidg that the single-grid NoMMP
ensemble also used the smaller observation erfodBZ forZ and 1 m § for \,)
that CNTL_LOW uses. This result supports the slagicun of Snook et al. (2011)
that the smaller observation errors used in thatysand in CNTL_LOW are likely

lower than optimal.

5.4 Comparison to 3DVAR-based Forecast Results

One goal of the current set of nested grid expamisiis to provide a platform
for directly comparing EnKF and 3DVAR results. Tacilitate this, three of the
inner-grid experiments are configured to correspamoksely to 3DVAR data
assimilation and forecast experiments performed Sahenkman et al. (2011).
Schenkman et al. (2011) use the ARPS 3DVAR systatim av cloud analysis to
assimilate conventional and radar data for the semse studied here. The cloud
analysis uses reflectivity data to estimate hydtewrefields for rainwater, hail, and
snow and replaces the background with these estinatywhere that observations
are available. The cloud analysis provides a wWaypdating temperature, moisture
and cloud microphysical fields within a 3DVAR framark. With EnKF, flow-
dependent cross-covariances are used to diredlynidete reflectivity data for the

update of all state variables including temperaturé moisture.
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Schenkman et al. (2011) report results from fivpegdnents assimilating
different combinations oY, andZ observations from CASA and WSR-88D radars
along with conventional observations. The innedgxperiments CNTL, NOCASA,
and NoRAD presented in this chapter use similaa datd model settings to
experiments CASAVrZ, 88DONLY, and NORAD from Schemn et al. (2011).
The relationship between experiments presented his work and those of

Schenkman et al. (2011) is detailed below in Tabse

Table 5.3: Comparison of similar experiments fréus study and in Schenkman et
al. (2011).

; Data Assimilated
Experiment Experiment from ora AesImiae
_from Schenkman et al. (2011) Conventional WSR-88D CASA
this work Data? Data? Data?
CNTL CASAVrZ Yes Yes Yes
NoCASA 88DONLY Yes Yes No
NoRAD NORAD Yes No No

The experiment design used in CNTL, NoRAD, and N8@& is chosen to
closely follow that of Schenkman et al. (2011). tlBovestigations use the same
ARPS model domain of 503 x 503 x 43 grid pointshwibrizontal grid spacing of 2
km in both the x- and y-directions, and the sametdted vertical coordinate with
minimum vertical grid spacing of 100 m and averageical grid spacing of 500 m.
In both investigations, conventional and radar daéaassimilated from 0100 to 0200
UTC at 5 minute intervals, and the same types damralata are assimilated in

corresponding experiments in both investigations.
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Though CNTL, NoCASA, and NOoRAD are designed to espond closely to
experiments from Schenkman et al. (2011) as destrdbove, some significant
differences between the EnKF and 3DVAR experimstitsexist. Most notably,
the EnKF experiments are nested within an outem6domain initialized at 1800
UTC, 8 May 2007 from the 8 May 2007 NCEP 1800 UT@MN analysis;
conventional data are assimilated hourly on thiemegrid ensemble between 2100
UTC, 8 May 2007 and 0100 UTC, 9 May 2007. By castiréghe experiments of
Schenkman et al. (2011) are directly initializednfr a one-hour spinup forecast
starting from a 3DVAR analysis using the 9 May 200CEP 0000 UTC NAM
analysis as its background. The outer grid inBEhKF experiments is necessary to
properly introduce mesoscale perturbations into ghsemble and provide needed
variation in boundary conditions to the inner-ggitsemble.

Some differences also exist in the data assimildtetiveen the two
investigations. Two of the experiments of Schenketzal. (2011) assimilate level-
Il radar reflectivity observations from WSR-88Ddea site KFDR in lieu of level-Il
data from that site (the level-Il data are unavddafor KFDR during the data
assimilation period). Because level-lll data stoaglar reflectivity on a rather
coarse interval (5 dBZ), and thus can be expedatedonhtain significantly larger
observation errors than level-Il radar data, n@adaedim KFDR were assimilated in
the EnKF experiments of this work. Also, the fotnoh radar data assimilated
differs between the experiments presented herérase of Schenkman et al. (2011).
In Schenkman et al. (2011), WSR-88D and CASA raid¢éa are interpolated directly

to the Cartesian ARPS model grid for use in 3DVA&Radassimilation. For the
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EnKF experiments of this work, WSR-88D data arermblated to Cartesian model
coordinates in the x- and y-directions, but allowtedremain on radar elevation
surfaces in the vertical direction. CASA radaradate interpolated both radial by
radial in time before being interpolated to the ARgtid in the x- and y-directions,
as described in section 5.1. This choice of irdkagpon methodology is made to
reduce interpolation error during EnKF data assitih, though the impact of this
difference in radar data format between the expantsipresented here and those of
Schenkman et al. (2011) is not expected to be .lardethird difference of note
pertains to the use of Oklahoma mesonet datagifettKF experiments of this work,
Oklahoma mesonet data are assimilated every 5 esputhile in Schenkman et al.
(2011) these data are assimilated hourly. In &utwork with Alex Schenkman,
3DVAR experiments are planned which will elimindite differences in the use of
Oklahoma Mesonet and KFDR level-Ill radar refleityivata.

Another challenge in comparing EnKF and 3DVAR reswf the two
investigations is the use of ensemble forecastsisnwvork compared to deterministic
forecasts in Schenkman et al. (2011). Because EiKRn ensemble data
assimilation method and produces an ensemble dysmtaas its final state, it is
natural to perform an ensemble forecast from an FEmiKsemble analysis. By
contrast, 3DVAR is a variational method that praghia single, deterministic best-
guess analysis. While it is possible to performeasemble forecast based on a
3DVAR analysis, the process is not as straightfodwes it is when using EnKF.
Because ensemble mean fields are significantly #modhan ensemble member

fields at the same time and may differ significantl structure (see Fig. 5.12, Fig.
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5.13), it is not feasible to directly compare enBkmmean forecasts from EnKF
experiments to the deterministic forecasts of Skimam et al. (2011). For this
reason, direct comparisons with deterministic faste will be limited to individual
ensemble members. Ensemble member #35, a membah wierformed
reasonably well in CNTL, NoCASA, and NoRAD, is chodor this purpose.

At 0350 UTC, just prior to the start of the repdrternadic activity at 0354
UTC, the three experiments of Schenkman et al. (P@ach predict a MCS in the
approximate location of the observed MCS as shoelowb in Fig. 5.30. The
3DVAR experiment assimilating only conventionalalétig. 5.30b) predicts a very
small line of convection near the center of the | E\ith little to no stratiform
precipitation. By contrast, at 0400 UTC, ensembdember #35 of EnKF
experiment NORAD predicts a much larger MCS (Fig156), with the core of the
convection slightly located several tens of kiloemstsouth of the observed LEV.
While the structure of the MCS predicted is in NdRA less linear than the MCS
predicted in the 3DVAR experiment, the area of cage of precipitation agrees
much better with observations (Fig. 5.30a, Fig.1&)3 Furthermore, in NORAD,
the PM ensemble mean at this time (Fig. 5.8e) ptedihe extent of the MCS better
than the individual ensemble members, suggestirgereefit from the ensemble
forecast that cannot be realized by the singleratéstic forecast of Schenkman et
al. (2011). These results suggest that, on amsyside scale, the EnKF forecast
benefits from cross-covariances that are computéénwusing EnKF (and not

computed when using 3DVAR) for assimilation of centronal data.
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Fig. 5.30: 0350 UTC 9 May 2007 (a) observed reilgty (shaded, dBZ) and
forecast reflectivity (shaded, dBZ), and horizontgind vectors (ms-1) from
experiments (b) NORAD, (c) 88DONLY, and (d) CASAdMrSchenkman et al.
(2011). Reflectivity is plotted on vertical modeld level 7 (approximately 1100 m
above the surface). The “L” in panels (a), (c),dafd) marks the approximate
observed location of the line-end vortex at 035@CUT This figure is reprinted with
permission from Fig. 11 of Schenkman et al. (2011).
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Fig. 5.31: 0400 UTC 9 May 2007 (a) observed réifltly (shaded, dBZ) and
forecast reflectivity (shaded, dBZ), and horizonteahd (barbs) from ensemble
member #35 of experiments (b) NORAD, (c) NOCASA(HNCNTL.
plotted on vertical model grid level 7 (approximatd100 m above the surface).
The “L” in panels (a), (c), and (d) marks the apghmate observed location of the

line-end vortex at 0400 UTC.
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In the 3DVAR experiment assimilating WSR-88D raddata and
conventional data (but not CASA radar data), tredigted MCS (Fig. 5.30c) has a
relatively well-defined line-end vortex (LEV) ciration, located just to the
southeast of the observed LEV (Fig. 5.30a). TheSM@ the forecast from the
3DVAR experiment has a relatively large region tohtsform rain to the north of the
LEV, in good agreement with observations, as wsllaasingle line of trailing
convection located between the observed trailird) laading convective lines (Fig.
5.30a). The NoCASA ensemble member forecast @Rjc) also predicts a MCS
with a well-defined LEV, though the LEV in the NoSA member is located
approximately 15 km to the west of the observed LEMoCASA also predicts a
large region of stratiform rain to the north of theV, and unlike the forecast from
the 3DVAR experiment of Schenkman et al. (2011)CHNSA predicts elements of
both the trailing and leading convective lines,uthio the trailing convective line is
stronger in NOCASA (Fig. 5.31c) while the leadimgel is stronger in observations
(Fig. 5.31a). At least near the CASA domain, hasveweither of the convective
lines predicted by NOCASA is as intense or wellamiged as the single line in the
3DVAR forecast.

Both the CNTL ensemble member (Fig. 5.31d) andftinecast from the
3DVAR experiment assimilating CASA and WSR-88D radiata (Fig. 5.30d)
predict a well-organized MCS with a LEV locatedweear the observed LEV. In
both investigations, the experiment assimilatinghbGASA and WSR-88D data
produces the most accurate LEV forecast. As ferekperiments that assimilated

WSR-88D radar data along with conventional obseraat the 3DVAR experiment

173



predicts a single, strong trailing convective lindnile the CNTL ensemble member

predicts both the leading and trailing convectines.
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Near the end of the forecast period, the obserk&¥ has moved

approximately 30 km to the north from its posit&in0400 UTC (Fig. 5.32a).

pattern that compares poorly to observations (¥ig2a).

0450 UTC forecast from the 3DVAR experiment assitimg only conventional data
(Fig. 5.32b) still predicts a much smaller MCS thalvsserved, with a reflectivity
The NoRAD ensemble

member at 0500 UTC (Fig. 5.33b) predicts a mucpelaMCS, with a large region



of stratiform rain and, compared to 0400 UTC, inwalinear structure. While the
NOoRAD ensemble member compares only moderately teelbbservations (Fig.
5.32a), the forecast of precipitation coverageh@ NORAD appears qualitatively
superior to that of the forecast from the 3DVAR emment assimilating only
conventional data.

For both experiments assimilating radar data (bi§2c, d), the 3DVAR-
based forecasts predict an MCS that agrees weli aliiservations, containing a
strong LEV located 15-20 km to the east of the oleskLEV location (Fig. 5.32a).
The LEV is slightly stronger, and the position erstghtly less, in the forecast from
the 3DVAR experiment assimilating both CASA and W&D radar data (Fig.
5.32d). Likewise, the NOCASA (Fig. 5.33c) and CNTEig. 5.33d) ensemble
members both predict an MCS with a well-defined LEMhe LEV in the NOCASA
ensemble member is located approximately 5-10 kthesouthwest of the observed
LEV, while in the CNTL ensemble member, it is lahtapproximately 5-10 km to
the east of the observed LEV; in both cases, tiséipo error in the LEV forecast is
less than in the corresponding 3DVAR-based forecast 0500 UTC, the NoCASA
and CNTL ensemble member forecasts predict onlyingles trailing line of
convection, much like the 3DVAR-based forecastsl hoth NoOCASA and CNTL
strongly over-predict the intensity of the trailingnvective line (Fig. 5.33). While
the 3DVAR-based forecasts (Fig. 5.32) also ovediptdhe intensity of the trailing

convective line, the amount and areal extent obthex-prediction is somewhat less.
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Chapter 6: Summary and Discussions

6.1 Summary of Results

Two sets of experiments are conducted using aendnle Kalman filter to
assimilate conventional and/or radar data into #&RPS numerical weather
prediction model for the case of a tornadic MCS/LtR¥t occurred over Texas and
Oklahoma on 8-9 May 2007. Three-hour forecastevduced from the resulting
ensemble analyses, with the goal of obtaining atewhort-term forecasts of radar
reflectivity and meso-vortices. The first set aperiments, conducted on a single
model domain with 2-km grid spacing, examines thedct of assimilating CASA
radar data and of using a mixed-microphysics enkembThe second set of
experiments, conducted on a pair of nested ensetobh@ins using 6- and 2-km grid
spacing, examines the impact of assimilating varioanventional and radar data
sources, of variation in the rain intercept paramedf the single-moment ice
microphysics scheme (Lin et al. 1983) used in tlogleh and of variation in the
assumed observation error used during EnKF datmiéstson for radar data. The
results of these experiments are summarized bddeginning with the results of the

single-grid experiments.

6.1.1 Single-grid EnKF Analysis of Radar Data
In the single-grid EnKF data assimilation study impact of CASA radar
data and the use of a mixed-microphysics ensemblexamined for the 8-9 May

2007 tornadic MCS/LEV that occurred over Texas &idahoma. Inclusion of
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CASA data imparted a noticeable improvement on rttean ensemble analysis,
particularly within the CASA domain. Using a muttiicrophysics ensemble helps to
improve the spread of the ensemble. The best sinab/obtained in CNTL, which
used both CASA data and a multi-microphysics engemb

As evidenced by a time-height analysis of vertieatticity and updraft
intensity, as well as the low-level wind field, msgation of radar data from the
network of 4 CASA radars improves the resultinglgsig, with the most significant
improvement in the ensemble mean analysis sedreifotvest few kilometers of the
atmosphere where WSR-88D coverage is poorest. a$sienilation of CASA data
does not have a very large impact on average RM®&vation and ensemble spread
statistics, however the effect of assimilating CA&#a is a slight reduction in RMS
innovation at the WSR-88D radar sites whose cowei@gas overlap the CASA
network domain (KTLX and KVNX). This reduction iggsent in data for botk
andZ, though the reduction is larger fér and is observed primarily during the first
six assimilation cycles. Assimilation of CASA ddbas allows the EnSRF system
to more quickly achieve its best estimate of teospheric state. Assimilation of
CASA data does not appear to have any significHatteon RMS ensemble spread
of V; or Z

Using a mixed-microphysics ensemble during datsimaktion greatly
increases the average RMS ensemble spreddbéll radar sites; in many cases the
RMS ensemble spread éfwhen using a mixed-microphysics ensemble is mams th
twice that observed when a single-microphysics mb$e is used. This increase

constitutes a significant improvement in the analyiselping to alleviate the marked
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under-dispersiveness of the analysis ensembleaihgstency ratio for reflectivity in
the mixed-microphysics experiment is much closerthte theoretically-expected
value of approximately 1.0 than that of the singlierophysics experiment. Even
in the mixed-microphysics experiment, however, urdigpersiveness is still present
in Z, and all three experiments show marked under-tigmness inV, despite
covariance inflation of 25% being applied. The wfea mixed-microphysics
ensemble, while beneficial, is not alone sufficiemtcounteract the low ensemble
spread often observed in EnKF studies, at leaghfercase. To address this issue,
use of more robust multi-moment microphysical pastEmzations within the
ensemble, such as those used in Putnam et al.)(20&0 be effective, as well as use
of additive perturbations to horizontal wind vates) and application the relaxation

technique of Zhang et al. (2004); such technigaasbe topics for future study.

6.1.2 Single-grid Deterministic and Ensemble Forecasts

Following the EnKF analysis of CASA and WSR-88[daadata, we perform
3-hour deterministic and ensemble forecasts for88eMay 2007 tornadic MCS,
starting from ensemble Kalman filter analyses agaimg CASA and WSR-88D
radar data. We examine the impact of assimilatiAg& (in addition to WSR-88D)
radar data on the forecast, and the impact of tvamian the choice of model
microphysics during both the assimilation and fastcperiods. The choice of
microphysical scheme makes a significant impact forecast evolution for
predictions of radar reflectivity and mesovortic@sterministic forecast experiments

initialized from the ensemble mean of analysis expents using single- and mixed-
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microphysics ensembles differ noticeably in thewdlevel wind and reflectivity

fields, and in particular the evolution of the veat updraft structure within the
system. When model microphysics is varied for mheit@stic forecasts initialized

from a single 0200 UTC EnKF ensemble mean analissforecast using the NEM
microphysical scheme is found to greatly underdast stratiform precipitation
regions. Similar results were seen in the enserfdilecast experiments, where
members using the Lin or WSM6 scheme performediderably better in prediction
of low-level mesovortex locations than members gisine NEM microphysical

scheme.

From the ensemble forecast experiments, probabifsedictions for radar
reflectivity and low-level circulations are obtathe A neighborhood ensemble
probability approach (Schwartz et al. 2010) is mgplto generate 60-180 minute
probabilistic forecasts for radar reflectivity, aad object-oriented ensemble forecast
approach is used to generate 120-160 minute praiabiforecasts of low-level
mesovortices. Both the assimilation of CASA datal ahe use of a mixed-
microphysics ensemble during the EnKF data asdimnlacycles have significant
impacts on the resulting forecasts in terms of ective structure, and both have a
positive impact on the forecast of low-level vogsc

All ensemble forecast experiments successfully iptethe dominant
convective mode during the forecast period, inthga MCS with an embedded
LEV, and a convective line extending to the sotitlough the southern end of the
convective line decays too quickly in the forecastsa result of interaction with the

southern domain boundary. The ensemble forecdsiss arying degrees of
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success in predicting the location of tornadic naesices between 120 and 160
minutes of forecast time; the control forecast, cuhuses a mixed-microphysics
ensemble and assimilates CASA radar data, perfpartecularly well, predicting a
strong, localized probability maximum of 0.65 lgksan 5 km from the observed
mesovortex that spawned the 0354 UTC EF-1 Mincoado. The experiment that
does not assimilate CASA data and the experimemigusa single-microphysics
ensemble predict comparatively diffuse probabifigyds, with lower probabilities of

0.43 and 0.35 respectively at the observed locatidhe tornadic mesovortex.

6.1.3 Nested-grid Experiments Assimilating Conventional and Radar&a
Expanding upon the single-grid EnKF data assiimilatand ensemble
forecast experiments presented in chapters 3 amne gerform a set of nested-grid
EnKF experiments, also using the 8-9 May 2007 @im&ICS as a case study. In
these experiments, conventional data are assihilat@ddition to radar data, and
mesoscale perturbations are introduced on the-oesrensemble in addition to the
assimilation of conventional data. A 40-membereoumest ensemble with 6 km
horizontal grid spacing is used, within which arenbedded six inner-nest
experiments. In addition to the control experimémé experiments performed can
be broken down into three categories: (1) two drpamts to investigate the impact
of assimilating radar data from the WSR-88D and 8A8dar networks, (2) two
experiments to investigate the impact of varying thin intercept parameter of the
model microphysical scheme, and (3) one experinmargstigating the impact of

changing the assumed observation error for rad#ectivity and radial velocity
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observations. Ensemble forecasts of radar refigctvere produced, analyzed, and
verified against WSR-88D observations, and biasesthese forecasts were
considered. Forecasts of the tornadic mesovotterroed at 0400 UTC were also
performed and compared among experiments and agfansbserved mesovortex.

As expected, the control experiment, which assiaid CASA and WSR-88D
radar data in addition to conventional data, sutbstily outperforms the experiment
that assimilated only conventional data (i.e. ndaradata) in terms of the structure
and location of the MCS predicted. In particulamany members of the control
experiment predict a well-defined line-end vortbattfollows a similar path to the
observed line-end circulation, while almost no mersbdo in the experiment
assimilating only conventional data. Even whenradar data are assimilated,
however, the resulting ensemble forecast is foonétain useful skill throughout the
3-hour forecast period. When WSR-88D radar datd emnventional data are
assimilated, but CASA data are not, the ensembierést performs similarly to the
control experiment in qualitative prediction of tMCS evolution and in objective
verification using the ROC skill score and Brieose  With regard to probabilistic
forecasts of the tornadic mesovortex, however,ctiv@rol experiment outperforms
the experiment that did not assimilate CASA data.

Experiments are performed to test two differentiateons to the model
microphysical scheme: (1) increasing the rain ogpt parameter by a factor of five,
and (2) randomly varying the rain intercept par@anbéetween the default value and
10 times the default value. Both variations aranfb to improve the resulting

ensemble forecasts of radar reflectivity. The jmted MCS looks qualitatively
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similar in the probability-matched ensemble meaedast of the control experiment
and the experiments with variation in the model ropbiysics, but the trailing
convective line of the MCS is better predicted lme two experiments using an
altered rain intercept parameter. The control Brpmt performs slightly better
than the experiment with the randomly varying riaercept parameter in prediction
of the tornadic mesovortex occurring at 0400 UT@t the experiment with a
uniformly increased rain intercept parameter pen®the best of all six experiments
in its probabilistic prediction of the tornadic mesrtex.
Decreasing the assumed observation error of raflactivity from 3 dBZ to

2 dBZ, and of radial velocity from 2 mgo 1 m$, results in negative impacts to
both reflectivity forecasts and probabilistic foasts of the tornadic mesovortex.
The experiment using the reduced observation eduniag assimilation produces an
ensemble forecast that has larger errors in tilegaonvective line than the control
experiment. The control experiment has a substigntigher ensemble spread for
radar reflectivity compared to the experiment wigduced observation error, and

produces a substantially better probabilistic fastof the tornadic mesovortex.

6.2 Concluding Remarks

Particularly for a tornadic system of this natufres horizontal grid spacing
used in this study (2 km) is insufficient to futtgpture all important sub-storm-scale
processes occurring within the domain. While 2 korizontal grid spacing is

sufficient to capture the line-end vortex and reaface mesovortex circulations
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observed in the 8-9 May 2007 case, a significasthaller horizontal grid spacing
(on the order of 100 m) would be necessary to capgtunado-scale circulations.

In addition, we note the challenges of workinghni-band Doppler radar
data, perhaps the greatest of which is attenuativvhile S-band radars, such as the
WSR-88D network suffer very little attenuation, evarough heavy precipitation,
attenuation in X-band radar data is much more Bagmt. An X-band radar beam
passing through more than approximately 10 km aihgrecipitation ( > 50 dBZ)
is attenuated completely, leaving a “shadow” beydimel range where complete
attenuation occurred. Additionally, even when raitgion is incomplete, error
within the attenuation correction algorithm leadgliscrepancy between X-band and
S-band observations of the same volume. While CXS#and data are assimilated
with reasonable success when a minimum thresholg00éiBZ is applied to the
CASA data, applying this threshold eliminates théitg of the CASA radar data to
suppress spurious convection via assimilation e&rehir data. Finding effective
ways to better correct for attenuation, objectivielgntify areas where complete
attenuation has occurred, and to mitigate the &ffed attenuation upon data
assimilation will be vital in improving future datssimilation endeavors using X-
band radar data.

We also point out the value of polarimetric radata for purposes of data
assimilation. Polarimetric variables such as d#féial reflectivity and specific
differential phase have been shown to be useflaydmometeor classification, an area
which would help to address uncertainty within thierophysical parameterizations

of the model. While challenges remain in develgpirell-suited forward operators
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(Jung et al. 2008), such dual-polarimetric radatadhold great promise for
improving the analysis of the atmospheric state.hil&\this study was limited by the
single-polarization data available from the WSR-88&work for the case study
chosen, and by the limited nature of existing polatric forward operators, the
upcoming dual-polarization WSR-88D upgrade holdsagpromise for future EnKF
studies using polarimetric radar data.

Future improvement in the representation of mibysal processes within
NWP models also holds promise for improved storalesEnKF data assimilation.
While skillful forecasts are obtained in this studging single-moment model
microphysical schemes, such schemes are subopfimalonvective-scale EnKF.
Single-moment microphysical schemes assume a crditap size distribution for
rain, hail, and snow; for example, in the Lin et @983) scheme, an exponential
distribution is assumed, tunable by changing theercept parameter for each
hydrometeor species. In nature, however, the digp distribution does not
necessarily conform to an exponential distributiangd the intercept parameter can
vary significantly within a convective system, peutarly for large, linear systems
such as the 8-9 May 2007 tornadic MCS studied herBlultiple-moment
microphysical schemes hold promise for improvinge thepresentation of
hydrometeors within the model; preliminary work Bytnam et al. (2010) suggests
that using a two-moment microphysical scheme duEn&F assimilation of radar
data and during the subsequent forecast can imghavquality of forecasts for this
case.

The results of this study are encouraging withard to development of a
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future warn-on-forecast severe weather warningesys{Stensrud et al. 2009),
suggesting that, at least for the case studiesl,pbssible to provide useful ensemble
predictions of convective hazards, including adaseavy precipitation and tornadic
mesovortices, with lead times of 1 to 3 hours. We ribte, however, that the
robustness of such predictions still needs to beedeand calibrated over a large
number of cases including a wide range of convectornadic and non-tornadic
storms, and that objective identification and veaifion of tornado-scale vortices is
non-trivial (Potvin et al. 2009). At present, tiegh computational cost of
performing such high-resolution predictions in e remains a barrier to
operational implementation which will need to bel@$sed with algorithm and code
optimizations and access to petascale computingregs Further improvement in
the prediction model and the inclusion of otherilabée observations are also
important; such work is ongoing with this and otbases. Though only a single case
is used in the studies presented herein, care$e studies of this nature represent an
essential first step towards full systematic tesand operational implementation of

a warn-on-forecast system.
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