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Chaptlenrt rlooduct i on

A WeatherReady Nation littps://www.weather.gov/wrhis the vision of the

National Weather Service and a continual effort is being made to improve the weather
information available to the public. It isell known that a freeunning model will
accumul ate errors until it is no | onger us:ée
limited predictability(Lorenz 1969) Therefore, the ability to produce and disseminate
useful weather information to the public i valy fundamentally dependent on having
an accurate forecast model, but it also requires providing that model with accurate
initial and boundary conditions. Data assimilation (DA) is the methodology of
combining observations with a numerical weather ptexh (NWP) model and their
respective uncertainties to obtain the most accurate state of the atmosphere to use as
initial conditions for generating a useful weather forecast.

Skillful convectivescale forecastdepend on having high accuracy at large
scaksandthe frequent assimilation of convectigeale observationsuch as radial
wind (among other types) to correct the locations of front, storms, tropical cyclones,
etc. Therefore, it is critical to improve the uee use of radial wind observations in
both regional and global systenTshis dissertatiortakes on one small aspect of the
continuing effort t o-readimpss loyvrgrowng the useaahdi o n 6 s
assimilation of Doppler radial wind observais in both regional and global

operational forecast systems.


https://www.weather.gov/wrn/

1.1 Motivation

The National Centers for Environmental Prediction (NCEP) has hadnesl
radar observations since May 2005 and has been assimilating radial winds operationally
since2006 in theNorth American Mesoscale (NAM) forecast system. The radial wind
assimilation scheme, however, hesmainedmostly unchanged since its original
implementaton despite improvements in regional modeling, increased model
resolutions, data assimilation techregy and radar data quality contihiu et al.

2016)

Radial wind observations have been notoriously difficult to assimilate skillfully
(Fabry and Meunier 2020)especially inoperational systema For example, the
assimilation of radial wind was assessed in the HRgBolution Rapid Refresh
(HRRR) and was found to provide little to no benéfTC 2018) Generally, the
studies that have found the most benefit from assimilating radial wind observations
have stemmed frormonvectivescale systems in the literatursing subhoutly update
cadenceshigh resolution modeling at-lBn grid spacing or lesgnd over very small
domain sizeg¢e.g., Gao and Stensrud 2014; Jones et al. 2@dt&)e someoperational
systens currently use &m grid-spacing, theylo notupdate at suhourly cadences.
Subhourly cadences of operational systems would likely be predicated on increased
computing power andiore scalable algorithms than currently employed in order to
keep up in real timelhe main goal of this dissertatidinen is to understand how the
assmilation of radial wind data could lead to improvements in operational regional and

global systems.



Table 1 summarizesharacteristicof various sygems that have previously
tested the assimilation of radial wind observations or are considered for radial wind
assimilation in this dissertatiohese characteristics include the eghcing of the
model, update frequency, domain siee assimilatiorof radial wind observations,
and the relative impadaf the radial wind DA on the respective experimeNiste that
these systems have much smaller domains relative to operational domains such as the
NAM CONUS nest (1827 x 1467 grid points aki® grid spaing).

Radial winds are an underutilized observation type in operational syateims
there are limitations to the current assimilation routines that are used in operations. For
example, the forwardoperator hashistorically not included vertical velocity.
Furthermore, there are clear bendfitstudiesn the literaturevhich have many of the
components missing in the operational assimilation routines. It is conceivable then that
radial wind assimilation could have a larger impact in the operationaihsydten
what has previously been fountiherefore, the focus of the first part of this study
(Chapter 2) is to improve the use of radial wind observations in the operational,
convectivescale regional systems at NCEPhis work includes updating the
obsenation operatoto include vertical velocity and optimizing the supebservation
parameters by expanding upon the workLgfpi et al. (2016)to improve the

operational analysis and subsequent forecast of convesttivas



Tablel. Summary table of systems and studies that tested radar DA with corresponding infleost domain
size and grid spacing, update frequency, use of reflectivity and/or radial wind, and the subjective imj
assimilating the data in each corresponding system.
. (Inner) .
Study/System (Inngr Domgln) Update Domain Size Radlal Impact
Grid -spacing Frequency . . wind DA
(grid points)
(Gao and Stensrud ) o .
2014) 1-km 5-min 57 x 57 Yes Encouraging
15-min/ .
(Jones et al. 2015) 3-km 5-min 170 x 170 Yes Encouraging
(Jones et al. 2016; g . .
Wheatley et al. 2015 3-km 15min 170 x 170 Yes Encouraging
(Lawson et al. 2018) 3-km 15-min 250 x 250 Yes Encouraging
HRRR 3-km 1-hr 1799x 1059 Yes Small
NAM
(CONUS nest) 3-km 1-hr 1827 x 1467 Yes Small
C768 768x 768
GFS (~13km) 6-hr perface No N/A

Global modeling system®n the otherhandlo not assimilate any radial wind
data and thus the value of their assimilation is completely unknown in global systems
(Sun 2005h)Over the last several years thygerational Global Forecast SystéGFS
has undergone many upgradest tlustify exploring the impacts of assimilating radial
wind observationsn a global systemFurthermore, over 80@oppler radars are
registered in the World Meteor olWRP) c al Or g

[Available online: https://wrd.mgm.gov.tr/Home/W}d however no Doppler radial

winds are assimilated withid C E P 6 s Th&&f@e, the main goal of the second part
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of this work (Chapter 3) will be to understandgt ifs possible to effectively assimilate
radial wind observation in the global system. Owing to the lacivaflable radar
observations from the global radar networky observing system simulation
experiment (OSSE) watesignedo test this concept.

The final part of this work (Chapter 4pmbines and builds upaspects of
Chapters 2 and 3.Hapter 4 discusses the development of a global, hourly updating
forecast sygm, the Global Rapid Refresh (GRR), in a rgaerational configuration
(Slivinski et al. 2022)and also preliminary testing assimilating radial wind
observations during a landfallingppical cyclonesvent. There are several motivating
factors for developingn hourly updating global syste@ne to highlight is that more
frequent updatesypothetically enables better use lwfh frequency, lowatency
observations such aadial wind observation@mong other type$)y using thentloser
to their receipt timandthus closer to the end of the assimilation windOlservations
at the end of the assimilation window have been shown to have a greater impact on the
analysigMcNally 2019)

There are other benefit to having an hourly updating global system as well.
First, the GFS currently provides updated analyses and forecast fields-looudy6
basis whereas higher resolution, regional systerdatepn a -hourly basis. Regional
systems such as the Rapid Refr@3AP; Benjamin et al. 201&nd High Resolution
Rapid RefresfHRRR; Alexanar et al. 2020; Dowell et al. 2022; James et al. 2022)
ultimately depend on a global system to provide initial and lateral boundary conditions.
The current GFS is reinitialized evershéurs, but is responsible for providing hourly

lateral boundary conditions to tfRAP. One motivator for an hourly updating global



system is that more frequent updates should provide more accurate initial and lateral
boundary conditions to the RAP and other downstream systems. Second, high
frequency observations are becoming much mooenmon aside from radar
observationsFor example, full disk observations from geostationary satellites such as
GOES16/17 and Himawar8/9* are available every 10 minutes, but it is likely that
they are not being used as effectively as possible #th@uby updating systenKim

and Kim (2019¥ound that observation impacts were greater when shmatdkground
forecasts were used. It is concievable then that more frequent assimilatitimeand
assimilaton of observations withird hour of their receipt time could make better use

of the observation® 4DVar system such as that employeed byEheopean Center

for MediumRange Weather ForecasBEGMWF) which uses continuous D@ ean et

al. 2021)could also be implemented which would alsoaisgervations as tiidoecome
available; however, thehallenges of the 4DVar approach likely stem fromube of

the linear modelThird, 6-hourly analysisipdate interval in the presentday GDAS may
not be frequent enough b@stconstrain the position of hurricanes and other convective
stormsLonger update cadences, requiring longer background forecasts, will inherintly
include larger error in the backgmulifields compared to shorter update caderfeas

the TC problem, thewzrent 6hourly assimilationcadence often struggéo accurately
constrain the position of hurricanes which can lead to double vorticies and other spin
up/spirdown issue$Chen and Snyder 2007; Lin et al. 2018p combat large position

errorsthat can result in double vorticies and other aprspirdown issuesthecurrent

1 https://www.0spo.noaa.gov/data/messages/2019/MSG0861424.html
2 http://www.jma.go.jp/ima/imaeng/satellite/news/himawari89/himawari89_leaflet.pdf
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and

initializationo which includes a Avortex r

fields by adjusting the hurricane position prior to assimilatibgervationgLiu et al.
2020b) Anothermotivator for an hourly updating global systems is that more frequent
updates should better constrain such systems through shorter and theoretically more
accurate background forecasts with smaller displacement errors between each analysis
update One of he main challenges of implementing an hourly updating, global system
is the handling of data latency. This chapter discusses two potential configurations for
handling data latency: catelp cycles an@ésymmetri¢ overlapping windows.

This dissertationis motivated by the successes of the assimilation of radial
winds in previous idealized work{3n grid spacing or less with sditourly updates),
and yet often unclear impacts in the current operational systekm (8id spacing
with 1-hourly updates). We eilqgre some of the more feasible aspects of the idealized
configurations of radial wind assimilation that could more readily be applied to the
operational systems. We first investigate the impacts and sensitivity of radial wind
assimilation in an operationalonvectionpermitting system with specific attention to
the formulation of the observation operator and s@bservation prgrocessing.
Second, we seek to extend radial wind assimilation to a global system to investigate
the impacts and sensitivitie dial wind assimilation within the idealized context of
an OSSE. And third, we formulate an hourly updating version of the GFS and address
issuesof data lateng and investigate the impacts of assimilating radial wind

observations a realdata experirant of a lanefalling tropical cycloneThe main goal



of this dissertation is to understand how the assimilation of radial wind observations

could lead to improvements in the operational regional and global systems.

1.2 Background

Weather radar networksyss h as t he Uni tuwmallangetRadare s 0
1988 Doppler WSR-88D) Next GenerationWeather Rada(NEXRAD; Crum and
Alberty 1993)network are an important aspect of the weather forecasting and warning
infrastructure of nations around the glofidhe NEXRAD networkcorsists of 160
irregularly spaced radars, each able to provide a single volume scan in about 5
Each volume scan may include elevation angles ranging from 0.5 tdd&&es, with
azimuthal and along beam range sampling resolsitibfrdeg and 250n respectively.
As one of the only observing networks capable of observing stoafle motion$ the
NEXRAD network plays a crucial rola thesevere weathavarning infrastructure of
the United State@.g., improved tornado warning lead timmagh NEXRAD; Bieringer
and Ray 1996) These imstorm observations coupled with recent and future
technological and scientific advancements in the operational forecasting community
are alreadylaying a crucial role in integrating frequentiypdating, onvectivescale,
modetbased probabilistic forecasts into the warrdegisionmakingprocesgLawson
et al. 2018; Stensrud et al. 2009; Wheatley et al. 20Ibjs Warnon-Forecast
paradigm isopposed to the warning strategies focusing primarily on Doppler radar and
other observatiotrased detection methods. Ultimatelyis will improvethe warning

lead times of a variety of hazardous weather phenomena including severe

3 For exampleDoppler radar is an important tool for detecttognado wrtex signatures (or TVS)
which are patterns in the radial wind field that indicates an area of intense concentrated rotation.
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thunderstorms, flash floods, and tornadoesfudher enhanclNOA AGs str at egi
mission goal designed to reduce theslof life, injury, and economic costs due to these
types of events.

The prediction of a particular scale of atmospheric motion not only requires a
model with sufficient resolution and an accurate representation of the major processes
at those scalesbut also requires that model to be initialized by assimilating
observations that can describe that s€aien 2005h)Onesuch observational data set

for convective scaleareDopplerradarradial wind$.

1.3 History of Radar

Whiton et al. (1998a, 1998Iprovide a detailed history of radar technology
from its earliest beginnings in 1935 when the British physicist Sir Robert Weilstin
began investigating a method of detecting aircraft with the usadod waves(i.e.,
Radio DetectionandRanging RADAR). The concept of using radar to observe the
weather, however, was not conceived umibrld War Il when radar operators
discoveredthat the weathercould cause radar echoesd potentially mask enemy
targets. Due to the nedor secrecy surrounding the war, these important findings were
not disclosed untithe war endedn 1945. Special interest governmental agencies
prioritizedt hese findings and eventually establi
network in the 1960s wblh consisted of 66 WSR7 radarsBy the 1970s, the U.S.
radar network was expanded to help better serve the operational forecastingyneeds

adding 62 WSK/4 radas to the existing WSFK7 network. Neither radar model,

4 Radial wind is the wind motion directly toward or awagrfra Doppler radaas measuredlong the
radar beam path
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however, had Doppletapabilitiesand thus were not able to report wind spesdl
alongbeamdirection which are crucial to detecting rotation in thunderstorms.

Crum and Alberty (1993)rovide a detailed overview of the NEXRAD progra
which began with the formation of tlk®int Doppler Operational Project (JDOP) in
1976 at the National Severe Storm Laboratory (NSSL) in Norman, Oklahdhe
missionof the JDOP was tovestigae the use of &oppler radato identify seere
thunderstormsind tornadic featurea reattime (JDOP 1979Which eventually led to
the decision to replace all nd@oppler meteorological radars currently employed by
the NWS with the WSR8D. The implementation of WSR8Ds into production
began in 1992 with the final radar installed in 19B&). 1 shows the completed
NEXRAD sites as of 2010NCEP first assimilated radial winds during the 1996
summer Olympics in Atlanta, Georgia; however, it was not unfi628at radial winds
were assimilated operationally in the -kPn North American Mesoscale (NAM

forecastsystem.

5 https://www.emc.ncep.noaa.gov/impdoc/NAM/WRFinNAM/Update  WRF
NMM replacing Eta in NAM2.pdf
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Fig. 1. Completed WSR8D sites for the US NEXRAD network in 2010. (Image: By National Weather
ServiceNOAA/Public domain)
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1.4 Fundamentals dDoppler WeatheRadar

1.41 The Basics

Before diving deeper into this radacusedhesis, it is important to understand
thebasicoperatingorinciplesof Doppler weather radar. There are many types of radar,
but here, we will discusmainly the WSR88D radars in operations in theSJtoday.
These weatheradars can be further classifiedcdsud pulse radarsmeaning that they
emitshort pulse of electromagnetic energy@gular intervalinto the atmospherend
thenwaitandii | i st en 0 f oscattemed baektbyiprenipitationgined dcatterers
This process of transmitting and listening repeats several hundred to over one thousand
times per secondhe number of pulses per second (Hz) is called theepepetition
frequency (PRF). The PRF of a radar can be tuned for observing the phenomenon of
interest and can range frd3i 8-z to 1304Hz forshort pulsesind 318452Hz forlong
pulses(Heiss et al. 1990)The PRF is directly linked to thBoppler dilemmawhich
will be disaissed latein this section

Each pulse travelatthe speed of lightapproximately 3x19ms?) until it hits
a target, the target then scatt@Rayleigh scatteringhat energy in all directions and
only a fraction of the origal amountof energyis scatteredlirectly back toward the
radar The amount of energy returnedr fAr ef | ect ed beactkedbe( i . e. ,
relatedot he obj ect déds intensity which is a funct
concentratio. The radial distanceQ of each intensity measurement caiso be
computed using the speed of lightandhalf thetime, 4, it took for the signal to retn

to the radar since the signal must travel from the radar to the target and back

12



& % (1)
There are two types of scatterifiRpyleigh and MiescatteringIn the Rayleigh

region, the backscattering cressctional area of a sphere is proportional to the sixth

power of the diameteRayleigh scattering occurs when taeget diameter$, is much

smaller than the wavelength of the transmitted radio Wve 1).A Much smal |l er o
is typically interpreted to mean — but some specify — for this condition to

apply (Rinehart 2004)The WSR8 8 D6s wavel ength ©ngsoapproxi |
Rayleigh scattering occurs with targets whose diameter©#&& an. Rairdrops

usually do notexceed0.7 cm (Marshall and Palmer 1948; Yakubu et 2016)

Therefore it is generallysafe to assumall liquid drops are Rayleigh scatterers

however, it is important to know if the targets are liquid, ice, or something else. The
backscattering crossectional area is dependent on the material, the temperature, and

the wavelength of the radar so propéjustments to the calculation will be required

otherwise there could be significant errors in the reflectivity measurenizattan

(1973)provides a few tables for the appropriate values for the parameter related to the

complex index of refraction for water and ice at various temperatures and radar

wavelengths.

1.4.2 Volume Coverage Patterns

Weather radars continuously scan the atmosphere by dimgpMolume
Coverage Patterns (VCPs). Rotating about a vertical axis, the radar antenrallscans
directions surrounding the radar site one elevation angle at a time. Once a full rotation
is completedthe elevation angle of thantennas incrementedo the next anglén the

13



current operating VCP. Sometimes the antenna will revert to a lower elevation mid
volume scan for better updates of the lower lewisehart (2004puts things into a

great perspective to fully apprecidtew incredible weather radar is,

~

Ai... Even though the ant ehfroml0fdoyas be scar
much as 79s (up to 10 RPM or faster), the speédight is muchfaster. It only
takes 2ms (milliseconds) for a radar signal to travel about 300km and back. If
the antenna is rotating at 10 RPM, the antenna will move less than a tenth of a
degree during this time. So, from the human perspective, ghalsvent out
and back with the antenna virtually stationary. The radar repests it
transmission/listening cycle several hundred to a couple thousand times each
second. So, we mere mortals watch the antenna moving smoothly and fairly
rapidly, butwe ofted on 6t appreciate the fact that
back very long distances at speeds that are almost incomprehensible to the
human mind. . .0
There are two main operating states of the VBBRs. Those states include
clearair mode and precipitatiomode. For each of these states, there are multiple VCPs
which can beaisedand is chosen in redilme to provide the most effective coverage of
the local weather phenomenghe VCPs can be broken down into the following
categorieswith the naming converdns according tadhe Federal Meteorological
Handbook No. 11 WSR8D Meteorological Observations Part C from tG&CM
(2017)(see acronym table)
1. Deep convection grouptwo digits beginning with;IVCPs 11 and 12
2. Shallow convection group two digits beginning with 2VCP 21
3. Multiple PRF dealiasing algorithm and SachidananandaZirnic group:
three digits beginning with 1 or ¥CPs 121, 211, 212, and 221

4. Clear air group: two digits beginning with 3VCPs 31 and 32.

14



Each VCP has its own strengths and weaknesses and for more information
regarding thosend the intricacies of eackthe reader is referred to the NEXRAD

technical documentation of VEG®FCM (2017)

1.4.3 Operating Bansl

The WSR88Ds of the NWS can also be classifiedSasand radars meaning
they operate with a frequencginge of2-4GHz. The WSRB8Ds specifically operate
at 2.7-3.0 GHz orwith a waveéngth of approximatelst0.7 cm(Heiss et al. 1990)
Because of thewavelength and frequencthe WSR88D S-band radarslo not often
suffer from signakttenuation butan happen under large hail com¥sn extremely
heavy precipitatiorBecause attenuationnsinimalin the WSR88Ds, his makes them
useful for near and far range weather observations. The drawback to this band is that it
requires a large antenna dish and a large amount of energy to power it.

Attenuation is the reductiom ienergyvia scattering and absorptiaf a radar
pulseas it travels through a medium occurs when larger a high concentration of
objects scatter most of the energy back to the radar, leaving little to travel down radial
to distant stormsThe amounbf attenuation depends on the type and concentration of
the medium that the signal is traveling through as well as the wavelength of the radar
signal itself. Smaller wavelengths (i.e., higher frequencies) attenuate at a faster rate
than longer wavelengthisecause higher frequencies are more easily scattered and
absorbed by clouds, rain, hail, etc. The backscattering-sext®nal area of the target
is proportional to the inverse of the wavelength to theawer meaning radars with
smaller wavelengthsra more sensitive and thus can detect smaller particles. It also

means that smaller wavelengths experience more attenuAtiemuation can also
15



cause dowsradial storms to appear weaker by underestimating the return signals
because othe unexpected dezase in energy of the original pulseevenblock the
beamentirely causing dowanadial storms to go completely unobserved

In contrast to the WSRR8D Sband radars, there are also many other operating
bands for radars. For example, thé&hd radar whit operates on a wavelength of 4
8 cm and a frequency of8 GHz. At this wavelength, the antenna dish does not need
to be as large and requires signifidaréss energy to operate than théa&hd radar.
Because thand are more easily attenuated by pré&ijgin than the ®and radar, they
are mostly useful for close range weather observation and mostly used by the FAA for
the Terminal Doppler Weather Radar (TDWR) network and local TV stafldrese
are other operating bands includingodnd. Theseadarscanbe smaller yethowever,
they are also more easily attenuatiean Gband radars but can detect much smaller
particles This makesX-bandradars opimal for field research applications where
mobile radar platforms angarticularly usefulsuch asstudying tornadogessis (e.g.,
Bluestein et al. 2019NSSL maintains a mobile -Kand radar known as NOAX-
POL (NOXP) used for field research. There are also radars with even higher

frequencies which include-Kand and mm or Wand.

1.4.4 Doppler Velocity

At the heart of this thesis is Doppleadial \elocity. Most of what has been
discussed thus far has been related to the intensity of the returned wilgical is
proportional to the welknown quantity of equivalent radar reflectivity factboppler
velocity is a measurement of the phase shift of themet signabver multiple pulses

To understand this measurement, it is keyirst understand the Doppler effect. The
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Doppler effect$ the phenomenon that you may have experienced as a car passes you.
The sound waves from the approaching car are cas@de having a higher frequency,
and have a higher pitched sound. This is also known as a positive phase shift. Once the
car has passleand is moving away from yothe sound waves are stretched, having a
lower frequency, and producing a sound with a lopiesh. The same phenomenon
happens with all wavesncluding electromagnetic radiatiomwhich is why traffic
policecandetermine how fast you are driving.

Weather radar measuregtthange in wave phase the fractional offset of a
full wavelengthand aetermines whether the target is moving toward or away from the
radarby whether the phase shift is positive or negative, respectitiiig larger the
phase shift, the hi ghoaneastardhiephasashifjewendesd r adi al
to know the diganceto the target irradianswhich can be computed from the distance
measured in the number of waveleng®sppose the target is a distanc®bbm the
radar usinggqg. (1), then the total distanc® , thatthe radar beam has traveled is
given by,

O ¢ O (2)

This distance can then be converted into the number of wavelg@gths , the
radar is from the targéy dividing by the wavelength

. 0

o > ®)
]

and then sing the fact thap x A OA 1 A I¢/CAAEA E wé c@n convert (2) into

distancemeasuredh radians O ,

O —. (4)

17



Having the distance in radians is useful bec#useit is possible taneasurg¢he phase
shift of the electromagnetic wave by measuring from some referencdipmirdne for
cosine and zero for sin@Jong the wave ptern By using this reference point, the
phase shift will never be more tham radians.

To measure the phase shift, we must take the time derivative of the returned
radar phase. Suppose the radar transmits an initial phase thien the phase of the

return signal will be
n n o —. )

The phase shift from pulse to pulse is then given by the time derivati (),

M T AD 6)
Qo 1 Qo

where— is equal to the velocity of the targéiquation(6) represents the angular
frequency. Regular frequency is the measure of the number of full teoslger
second Angular frequency— is the measure of number of radians per second. Thus if,

for example, there is a wave that oscillates one full oscillation per second, that wave
would have a frequency pfl OA E 1 @ AHZE Thé angular frequency of the same
wave would have an angulaequency ok, AO A A EQA [Tius,we can define angular

frequency as a factor gf Narger than thérequency

(o I (7
0o ¢ 7©
where'Q is the frequency shift of the returned sigiidien combining6) and(7) we

can write the radial velocityo, as

6 —. (8)
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With this level of understanding of radial velocity, it is now possible to discuss
the physical limitatns of this measurement

There are limitations in the velocities and ranges that a radar can
unambiguously analyzén other wordsthe radar could have an incorrect interpretation
of the actual velocity and range of a targed.a simple example, let sy that the
maximum unambiguous range iS0km (a PRF of 1000Hzand there is a storm at
175km. The speed of light is extraordinarily fast, but it is not instantan#oerefore,
it requires some amount of time to travBOkm. In fact, it would take raghly 1msto
travel out and backTherefore, in this exampléyeradar is emitting one pulse every
1ms; however, the return signal from the storm#kin took1.16ns to return and is
now overlapping with the subsequent pwgech was emitted only 0.16nesirlier The
radar assumes this return signal is from this second pulse and now, incorrectly,
interprets this signal as a weakened stor@bkin since it only took 0.16ms to return
The storm is weakened because of the lbsmergy over the actual distance the pulse
has traveleccompared to what the radar interpreted it to have trav@éssentially,
overlapping return signals from subsequent pulses can have multiple interpretations on
the range, in other words the rangeéhaf storm is ambiguous beyond a particular range
given a specified PRH.here are also ambiguities that can arise in the velocity which
will be discussed next.
1.4.4.1 Maximum UnambiguousVelocity

Recall that the phase shift should never meet or exceaadians. A phase
shift of A radians is indistinguishable from a phase shift efradians because both

represent the same phase shift of 18Bith is actually no phastangeand the radar
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would assume the target is stationary. If the amount of timeveleet pulse
transmissions is long (i.e., low PRF) tigeeatly reduces the range of velocities that
would produce a phase shift of less thamradians.Thus, only slower velocities
would be able to be resolved unambiguously.

TheShannorNyquist samplingtieoremstates that to measure a frequenQy
it is necessary to sample at a frequency of at EE&stthereforep 'Y "0 ¢’Q. Using
this relationship, and & (8), we can findhe maximum unambiguous velocjtg
for any givencombination oPRFandwavelength

02a ©)
T

Conceptually, this equation means thatger wavelengthsand higher PRFs
yield a wider range of velocities that would cause a phase change of lessathan
radiansSuch a configuration would be advantageous for sampling weather phenomena
with strong winds and wind shease(, severe stormsand fallingtropical storms, etc.).
A higher PRF would provide more frequent updates between pulses reducing the phase
change for a given velocitilowever, as PRF increases the range is reduced.
1.4.4.2 Maximum UnambiguousRange

If the amount of time beteen pulse transmissions is short (i.e., high PRF) then
there is |l ess time for the radar to Al i st e
distances that a radar can unambiguously determine because the beam has less time to
travel to a target anoeck. Theequation that relates the maximum unambiguous range
O ,andthe PRFis

O A (10)



which is similar toEg. (1) since”Y —. This relationship shows that maximum range

isinversely proportionaio the PRF. As PRF increases, the maximum range decreases.
1.4.4.3 Doppler Dilemma

The maximum unambiguous velocity and range define the consti&irthe
Doppler Dilemma. Simply, a low PRF having longer time between pulse transmissions
allowsthesignalto travel to more distambjects buteduces the ability tdistinguish
velocities. On the other hand, a high PRF having shorter time between pulsessnprov
the ability of the radar to determine velocity but does not allow the signal to travel as
far. UsingEq. (9) and(10) the Doppler Dilemma can beathematicallyexplained as

A (12)
P

For a given radar, théght-handside ofEq. (11) is constantthus if we wanbur radar

6 O

to be able to unambiguously resobdigh6  we mustcompromisdor a lowO
and vice versaHaving alarge6 is important because it is crucial to the NWS
mission to be able to detect and warn against the threat of an eminent tornado via a
tornadic vortex signature from radial winds as well as other sources of strong and
damaging winds that pose adht to the public. Furthermore, longer ranges are only
helpful to a certain point. At some distance the height above groundkx@neso
large that it is not particularly helpful to have a lddg .

While there are many different VCPs used dependimghe current local
weather patterns, the most common operational VCPs generally fallsimilar
surveillance scheme for PRIPRFs have a number code that ranges frédatd each

of which is described ifiable2 which is a reproduction of table® of OFCM (2017)
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PRF1 i s used for the | owest scan angl es
PRF 3 is used for angles < 7°. Beyond 7°, contiguous Doppler without range unfolding
(CDX) is used. At these higher scan angles, a high PRF is used because the likelihood
of range folding is small for a beam that is within reasonable height above ground level.
For example, at an elevation angle of 8.0°, the radar beam will be approximately 17 km
(56 kft) above ground level, well above the troposphere, at 117 km from theviadar

is the minimum Raxof all the PRFs usedlvhile the minimum Raxfor each PRF 1, 2,

and 3 is 233 km, the radar routine algoritimsur data assimilation system onige

an Rnaxof 100 km to avoid signal quality issues.

Table2. Table 510 of OFCM (2017)showing the PRF identification number and corresponding characte
including the Pulse Range Frequency (PRF), maximum unambiguous rargedRd maximum
unambiguous velocity (Wax)
PRF No. PRF (sY) Rmax (km) Vmax (ms?)

1 322 467 8

2 446 336 11

3 644 233 16

4 857 176 22

5 1014 148 26

6 1095 137 28

7 1181 128 30

8 1282 117 33

1.4.5 Refractivity

Refraction is another important aspect of radar meteoroRefyaction is the
bending of light as it travelst an anglérom one substance into another substavitte
differentrefractive indicesAc cor di ng t be b&ndieglof light is caased, t
primarily by two factorsthe change in refractive index from substance to substance
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which causes a change in the speed of light through the matmlthe angle of
incidence that the ray is travelingthe light enters the new substance at a&yle,
the light will still dow down, but it will not change directiorilhe refractive index of
the troposphere has been found to depend on atmospheric pressure, temperature, and
water vapor(i.e., density) It is not the refractive index of the material the ray is
traveling throughbut the changein refractive index Therefore, if there was no
atmosphere or if the atmosphere was perfectly uniform everywhere, radar rays would
travel in straight lines.

Let usfirst consider straight line optics. If the radar beam was oriented perfectly
parall el t o ttageendoeation &nd ignorgg anyf effects of r@fraction,
the beam would appear to an observer on the earth to bend upward as the beam travels

farther and farther from the radar location. This is the result of the ctevatuhe
earth.We canwrite curvature agédwhereﬂ ds the change in angle experienced with

change in distanc@S. Considering a circle of radid& Traveling a distance around
the circle would givalS ="R which is just the circumference and the dageghange
in traveling around that circle would bed =radians. Therefore, curvature can just

be written as

C

(12

Tl -

5 -
2R

C(Ill ¢

and is just the reciprocal of the radius of that circle.

Now, for a radar ray traveling through a aamform atmosphere the curvature

of the radar ray will change based on the changes in the refractive index withgﬁeight
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Battan (1973)gives the following equation to describe the apparent curvaturee of th

radar beam due to the curvature of the earth and due to atmospheric refraction.

Ad1 0
lVJ— = ?—n (13
uS R uH

It is common to us&gq. (13) to estimate an effective earth curvaturReusingstandard

atmospheric conditionsf;’—: , thus wehave
1.1 m _p ouWpm pPHPXWPT (14)
R'"R H @ooxtEI EI Ei

or an effective earth radil®'’ = 8e118.33&kdM 3 HeRce, this estimation of

an effective earth radiusmder standard atmospheric conditons known as t he i
Rul eo.

The magnitude and direction of beam bending is the result of the combined
effects of earthdés curvature and atmospher
the radar. Earthdéds curvature al ways result:
Since atmosdperic density is variable, the effects of atmospheric refraction can thus
bend the beam in either direction, but most typically will bend the beam downward.
Under standard atmospheric conditions, the
curvature beig greater than thelownward bending due tostandard atmospheric
refraction.The height of theadar beam abovwadar levelkcan be calculatedsing the
assumption oftandard refractiorand isgiven by the equation fromRinehart (2004)

as

N T LT , -~ T
( o =2 02 Omd -2 (19
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Where( is the height of the beam above radar level in ®s the range (distance) to
the target in km%o.is the elevation angle, ard is the radius of the eartRig. 2 uses

the secalled 4/3rdsRule to show the height at various ranges for various elevation

angles.
Range vs. Height using the 4/3"" Rule
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Fig. 2. Range (km) vs height (kft) of various radar scan elevation angles using theppt®ximation.

The atmosphere does not always conform to startarditions so there are
times in which this rule igvalid, and the amount of beam bending can be greater or
less than the amount of bending under standard corgligspecially in the boundary
layer. The case where the beam bends more than the standard rate iswpéded
refraction This can cause low angled radar beams to sense more ground clutter since

the beam is bent downward ahmherrate. Conversely, there &so subrefraction
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which is the ase where the amant of bending is less. Subrefraction poseballenge
because low elevation angles may not be able to identify storms at low levels.

The 4/3rds Rule is the methodology used in practice, and while it is generally a
reasonable approximation, it is an approximation and will alatays be valid
especially in the boundary lay#rus is mostly a potential issder the lower scan
angles. Thealternative to using this approximation would be to know the vertical
profile of refractive index. There have been studies which seek to estimate the low level
refractivity profile using radars and point targetsy., Feng et al. 2016n the future,
the 48rds rule approximation could be modified by a correction factor for improving

the height stimation of radar observatignsut this is beyond the scope of this thesis

1.5 A Review of RadaRadial WindData Assimilation

This section presents a review déta assimilation methods and their use
primarily as it relates to the assimilation Dopplerradarradial wind observations.
This section is organized by beginniwgh a brief history of how radar observations
were firg usedin retrieval methods for estimating fields that are not directly observed
by radar. This will lead into a discussion of the basic principles of data assimilation as
well as discussion about different data assimilation methods such as variational
appoaches, ensemble approaches, et close withhybrid methodsthat combine
the advantages dioth variational and ensemble metho#&sllowing each subsection
on the various DA methods a discussion on how eachethodhas been used as it

pertains to th assimilation ofadial windobservations.
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1.5.1 Single and Multiple Doppler Retrieval Methods

The U.S. WSR38D network (Fig. 3) resulted in a great obssational
advancement for not only the detection of storms but also for stcale DA and
NWP. With the i mplementation of the radar
received a great deal of attention because Doppler radar is one of the ooinemss
capable of sampling the fodimensionalstormscale environment needed to initialize
convectionpermitting models The most usedbservations from Doppler radare
radar reflectivity and radial wirsg both of which are not modptognostic variables
However, eflectivity and radial wind canbe related to other prognostic model
variables. For example, one may attempt to indirectly assimilate radar observed
reflectivity by diagnosing the latent heating that occhesause ofprecpitation
processesor radial wing could be used to retrieve an estimate of the-threensional
wind components.

There are other observations that come from Doppler radar and those include
products resulting from the upgrade to DRalarization (DuaPol) capabilities which
provide additional information about the shapes of the targets in a radar volume. Such
types of observationmclude differential reflectivity (ZDR), correlation coefficient
(CC), specific differential phase (KDP), as well as maimgotlerived products which
include hydrometeor classificaticand precipitation estimation. The assimilation of
DualPol products is beyond the scope of this project and might be better suited for

future considerations.
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Map Center: -88.0, 38.0 Composite Reflectivity

oo o e[ EERREE]

Fig. 3. Example of radar observational coverage capabilities. Composite reflectivity (dBZ) from land fal
Hurricane Fred August 2021. (Image: Captured from the MRMS Operational Product Viewer
https://mrms.nssl.noaa.gv/

Historically, the initialization of modeled convective storms began as
researchers demonstratdgy using DuaDoppler observationghat the wind field
could be derived through the use of tbentinuity equation(Armijo 1969) and
thermodynamic fieldg¢hrough the use dafhe equations of motio(GatChen 1978;
Hane and Scott 1978pualDopplerradaris simply where two or more radaare
positioned such that they have overlapping coverpg®/iding a better determined
problem This type ® analysis istypically exclusive to research applicatiosisch as
with a mobile radasince the spacing of the NEXRAD network is too lafg@lowing
these duaDoppler retrieval methodsLin et al. (1993)developed a method to
initialized a convective model with the derived 3D fields of velocity, rainwater,
temperature, and psure. They were able to initialize the tornadic storm fron2the

May 1977,Del City, Oklahoma case with good agreement.
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Since the US NEXRAD network is not spaced geometrically such that multiple
or even duaDoppler analyses are possible without an meeaid, such as a mobile
radar,singleDoppler analysebavealsobeendevelopede.g., Weygandt et al. 2002)
Weygandt et al. (2002)eveloped a singi®oppler retrieval method using the wind
retrieval technique ddhapiro et al. (1995p estimate the thredgimensional wind field
from a time series of singleoppler observations of reflectivity and radial wifithe
thermodynamic retrieval déalChen (1978)s then used to estimatenhiperature and
pressurdrom thethreedimensional wind fieldsWhile this technique proves efficient
and inexpensive, it requires multiptgeps,and the qualy of the thermodynamic
retrieval depends greatly on the quality of the retrieved ttireensional wind in the
first step. Therefore, the use of such retrieval methodshe underlying assumptions
and associated errohénders the optimal analysis thabuld be achieve@Hu et al.
2006) Instead, the direct assimilation of radar observaticas lecome common

practice.

1.5.2 Bayefan Principles

Numerical weather prediction (NWP) is the foundation on wimehrly all
operational forecasts are made. NWP is a process in which the governing equations of
the atmosphere are discretized onto a thieensional gricand integrated forward in
time to predictfuture statesf the atmosphere

NWP is an initial and boundary value problem, and here our focus is on the
initial values meaning that we must know the current state of the atmosphere to predict

a future state of the atmosphere. Through a process known as data assimilation, an

esti mate of the initial conditions is <c¢crea
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using Bayes TheoremBecausedNWP is an initial value problepif the model starts

with a poorestimateof the initial sta¢ of the atmosphere, the resultifmgecast will

also, quite likely, be poor. Initial conditions are a very important aspect of NWP
because even small errors at the start can quickly grow through the simulatiingresu

in a forecast dominateloy large error at extended time peridd®renz 1963) It is
important to have the most accurate initial conditions as possible to have the greatest
chances of accuratepredicting future states tiie atmosphere.

One of the mosmportant formulas in all of probabilittheoryand one that is
central to data assimilation is Bayes theardmrenc (1986)demonstrated how
Bayesian principles could be extended to numerical weather prediction for determining
the best analysis of the state. Bayes theorem is most generally written as

Dy xbx

b xy Dy

(16)

where in data assimilatiorx is thestateandy arethe observation Bayes theorem
provides a theoretical framework fdata assimilation and is a way to estimgie
posterior probability distribution function KDF), B xyy , or the conditional
probability of evenk to occur given that evegt has occurred. Theght-handside of

the equation iproduct of three probabliies resulting irthe posterioprobability. The

three probabilities on the right hand side:dey  , which is the conditional
probability thaty will occur given thak has occurred® x , whichis theprior or the
independent probability thatwill occur, and finally,EXy , whichis the independent
probaliity thaty will occurandis unity since the observations are givéet us now

briefly describe what each of these variables mean in the data assimilation problem

(e.g., Lorenc 1986)
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1 Db xgy istheposteriorPDF or the updated PDF of the state after the analysis.
1 by «x 8, xy isthelikelihood or the PDF of the observatgronditioned
on the state.
T bx Dx x istheprior PDF which contains our knowledge about the state
before new observations. This is given by the background forecast,
1 By isthemarginal PDF of the observations, and it does not depend &n
| n B ahgoeem this is regarded as a normalizifegtor such that the area
under the posterior PDF is unity. Therefore, only the terms in the numerator are
required to compute the posterior.
Thereforewe can now rewrite Bayes6 theorem as
Dxy 9 by xbx a7
Solving the Bayesian problem is difficult in the absence of any assumptions about the
shapes for the prior and likelihood of the observatibhsrefore, it is common practice
to assumehatthese take the form of Gaussian distributjcadthough, there arDA
methods that do not rely on this assump({eg, Particle Filters; Poterjoy et al. 2019)
The Gaussian assumption is generally reasonableyeaadly simplifies the analysis
problemdueto certain properties of Gaussian distributiofgr example, a product of
two Gaussiasis a Gaussian, Gaussiamsnain Gaussian under linear transformation,
the mean and covarianaeecomputable, and matrices are invertifleegeneral form

of thesingledimensionalGaussiarprobability density functiofs given by

Qo ——0Q (19)
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where"Qw is thePDF, , is the standard deviatioh,is the mean or expectation of the
distribution Now we need to translate the general form into a multidimensional

problem.To aid us, he general form of theormal PDF is given by

R @ h C+$$/L\— it it (19

wherex is aN-dimensional vectoiVe still have the leading constaﬂtzp—T, to ensure
that the equation integratesunity. In the multidimensional problem thariarce,d ,

is given bythediagonalof the covariance matrix8Thereforepsing(19), we can write

each of the terms igqg. (17) in the multidimensional problem as

p - X A Xix
Dx —— P A0 20
¢ T AT 20
Py X #A— yi x n y i1 x 1)
¢ T a7

In Eq. (20) and (21) the general covariance mia is replaced by the background
error covariance matrix of the mod@l (NxN matrix) and the observation error
covariance matriX] (LxL matrix) respectively. Brthermoret, the mearor known
state, turnsinto the background forecast and the observationg respectively
Finally, the observation operatfris also introduced herevhich operaten the
model fields to obtaim model equivalent value in observation spaderefore, the
conditionalprobability in equation 1follows as
- xix A xix yix f yix

Pxy & Pxby « (22
¢ TSASC TS

These Bayesian principles will form thHeasis of the data assimilation methods

discussed in the next few sectioRer example, in the maximum likelihood scenario,
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the likelihood is maximized when the exponential Eq. (22) is minimized
Conveniently,the term in the exponential becasrmur cost functiorfor variational

methodsdescribed in the next section.

1.5.3 Variational Method¢Maximum Likelihood

Variational methods, or marum likelihood methods, seeto find the most
likely state ofk given the two independent measuremgntandy , which is the state
that maximizes the joint probabiljtgnd it does so by minimizing a cost function which
can be defined using thgayesian principles from the previous sectidhis section
discusses threand fourdimensional variational methods. Each subsection will begin
with the derivation of the analigsequation for each method and then will conclude
with a discussion of previous work as it relates to radial wind assimilation using
variationalmethods.
1.5.3.1Three-Dimensional Variational (3DVar) Method

Threedimensional variationgdBDVar; e.g., Lorenc 198&)ata assimilationas
its name suggests, is a 3Mata assimilatioomethod meaning that theis no time
component to the assimilation. For examplié pbservations are assumed to be valid
a the analysis time which aessimilated simultaneousity combination with therior
state valid at the analysis time to estimate the best state at the analysi$erjant
probability of the likelihood of the observations and the probahifitye state before
new observationg.e., the product of theght-handside ofEq. (22)] is the product of
two Gaussian probabilitiedlaximizing the likelirood attains the most likely staie

which is equivalent to minimizing the term in the exponemtidtq. (22); thereforea
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cost function can be defined (following thenotation oflde et al. (1997Wwherever
possible from here on)

IXx =k +J
(23

% X1 x TBxix) %+y iHx TRy i1 Hx
Equation(23) is the cost function for the 3DVar algorithin.general, the cost
function,J x , is the sum oht leasttwo terms(sometimes more)The frst term, g,
measures the departure of the analysis or control varigbdtem the background |,
and is weighted by the inverse of the background error covariance reafreferred
to from here on as the BEC), whichtypically chosen to bstatc (i.e., never changes
from dayto-dayor seaso+to-seasorsince as a choice, only one BEC is generated and
used year rourjcandtypically estimated fronclimatology (Bannister 2008)The BEC
is estimated since it is too large to explicitly compute and store in computer nfiemory
One method for estimag the BEC statistics is thIMC method(Parrish and Derber
1992) The review papeBannister (2008provides additional information about the
NMC method and othanethods for estimating the BEChe NMC method uses the
difference between two forecasts valid at the same Ibumet different leads (e.g., a
48-hour and 24our forecast valid at the same tinag)d averaging those over many
casedo find the expected value of the forecast erfdre BEC is a crucial part of

variational methods becauseist an estimateof the eror correlationsand cross

correlations of modeanalysisvariables.It not only provides information about the

5 A roughestimation of the sizef the static Byiven GFSv16 at C384 woulgquire a matrix on the
order of 16 x 10° and assuming only single precision that would require ab600 PB (Petaytes) of
memory to store the mattixnversion of a k x k matrix has a time complexity of ®khich means
that if a 100 x 100 matrix would take 1 second to invert, ther? & 10° matrix would take 1
seconds to invert or roughly 31.7billion years.
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uncertainty of thdirst guessand how a observation shouldiform theanalysis at the
observation locatiorhut also how an observation shoirtbactthe analysis abther
locations as well as hown observation should affect other relatable variables.
Generating new BEGs beyond the scope of this work but is an important aspect of
the assimilation system that will be considered in the futdoge discussion on the
choice of method for estimating BEC will be discussed in future {g@&tion 5.3)

The second termp,Jmeasures the departure of the analysieebbservation
location using the nehinearinterpolation operatoil, from the observationy, , and
is weighted by the inverse of the observation error covariance ma&rix;he
observation error covariance matrix is also importnte it provides iformation
aboutthe uncertaintyf the observations

The minimum of the cost functiahx is attained when

n Jx T
nJx DI OEAEAAI EOA
To find an exact solution, we can expand the second fgrnm Eq. (23) under the
assumption thanalysis is close to the truth and is also close to the observations. We
can then linearizéd (£ ) around the background such that our innovation vector
becomes
d v Hx y Hx x Xx y Hx T&x x (29
SubstitutingEq. (24) into (23) we get
2X x x BYx x)
(25

+ vy Hx i8x x ™'y Hx i&x x

and then expanding the second term further we get
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22X x x Bl x)

+x x TETR™% x x y Ox R% x x (26)

x x "8TRt'y Ox +y "Ox R'y "Ox
The gradient of the cost function can then be written as
nJx Blx x)+8™R%Ex x)ig™R'y "Ox (27)

and settingt Jx Tt ensures that the solution is a minimum then we have the
solution
Xx=x A g n & £§R'y "Ox (28)
This can also be written in incremental form as
X = A g n & &Ry
analysis increrant, Ux, and the innovation vectally , are defined as
X X X

v

oy y 'Ox

For easier implementation and simpliica of thecost function Eq. (23)] can
be writtenand solvedn the incremental forniCourtier et al. 199) so that its 1 and
2" derivatives are written in terms @ andis minimized with respect tix. Thus, the

incremental form of theost functioEq. (23)] is

1
J Ux ix "B %) Sty i gux TR oy 18 Ix (29)

NI =

The first guess to minimize this equation (inel,lix ) is to prescribe the
analysis as the background ( x ). The analysix using 3DVar can then be found by

an iterative numerical solver such as the conjugate gradient m(&#bdzer and Rosati
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1989; Navon and Legler 198 However, it isalsotypical to first precondition the cost
functionby using theBECto improve convergende.g., Kleist et al. 2009alFor more

detailed documentation on this the reader is referred to p. Ireft GS1 6 s Adv anc e

User 6s Gui de ( a v a i Httgsdtcenter.ucareedulcarm e :

GSl/users/docs/users_guide/AdvancedGSlUserGuide v3.4.0.0.pdf

In the 3DVar algorithm, observations are collected within the full window and
assumed to be valid at the nominal analysis time which is usually in the center of that
window. This can potentially lead to inaccurate innovationss [Bads to an important
variation of the 3DVar algorithm: 3DVar FGAT which stands for first guess at
appropriate time. This specific application of the 3DVar algorithm utilizes multiple
background fields andplits the observationmto time bins accordop to their valid
times so that the corresponding background at the appropriate time fenseaporal
interpolation in théO x calculation(e.g., Bannister 2008)The innovation vector
however,is constant in time. The 3DVar FGAT algorithm is distinct from the 4DVar
algorithm discussed next.

For more information about 3DVar, 3DVar FGAT, other data assimilation
methods, the reader is directed to the review pBaenister (201 7yvhich summarizes
many different data assimilation methods.
1.53.2The Four-Dimensional Variational (4DVar) Method

The four-dimensional variationainethod(4DVar; e.g., Thépaut et al. 1993a;
Thépaut et al. 1993bjs a powerful and dynamic extension of 3DVar which
incorporatesa lineatized model to include a time component to the assimilation

relaxing the temporal constraints of 3&. While 3DVar producethe best estimate
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of the state for a discreet time, 4DVar does the same but for a given trajectory over
which we have observationBhe 4DVar BEC is typically chosen to be the same BEC
used in the 3DVar method; however, the 4DWeathod is able to extract information
from the model dynamics and thus be able to implicitly include-tleywendencyi.e.,

errors of the dayyithin the assimilatior{Thépaut et al. 1993aJncremental 4DVar
involves solvingor the optimal solutiontix,, at thebeginningof a time windowwhere

k= Qobtained by minimizing the cost function

K
J Xo :% X, B x”b)+% Uy 1 Hix Rlly 7 Hx (30)
k= 0
Equation(30) is theincremental form othe 4DVar cost functionand follows
from the 3DVar cost furion in incremental formgq. (23)]. The 4DVarcost function,
J Xy , is the sum othe samewo (sometimesmore) terms suclas inthe 3DVar
equation but theoptimal solutionis solved for at timek=0 and the observaticrare
used at their valid time3hereforex is the forecast state at the beginning of the time
window, K in the total size of the time windowjs the time window indexThe 4DVar
method is distinct from the@DVar FGAT method because in 4DV#re innovation is
propagatedby the linearized modédb solve for the 4D stat®e can define the analysis
increment at timé&= Qthe analysisncrementat timek, and theinnovation at timek
respectfully as
UXg=Xo T xg
ix M Ux
y =y27 HMxg

whereM is the linearized model
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Similarly to 3DVar, the 4DVar cost function is minimized when fhet
derivative is zero and theecondderivative is positive definite using a minimization
technique such as the conjugate gradieethod(Derber and Rosati 1989; Navon and
Legler 1987)
1.5.3.3Discussionof Variational Methods and Their Use for Radial Wind DA

Variational methods such as 3DVar and 4DVar are some of the major building
blocks for the more advanced data assimilation algoritses today fooperational
NWP. Extensiveresearch has been done to assimilate radial wind\MiB models
using the 3DVar and 4DVanethods with varying levels of succe®#hile this thesis
does not solely focus on convectiseale radar DA, the vast jpaty, if not all,
previous literature on radar DA is in the context of improving convestate
forecasts. For exampl&un and Crook (1997eveloped a 4DVar adjoint dynamic
retrieval technique and demonstrated that the 3D wind and thermodyfields could
be obtained from duaband singleDoppler observationsSun and Crook (1997, 1998)
showed that this variational Doppler radar analysis system was able to retrieve the
threedimensional wind, thermodynamiand microphysical fields from a Florida air
mass storm within reasonable approximation to a-Daglpler analysisThis system
was eventually converted from a sindleppler parameter retrieval research tool into
a reaidtime lowlevel wind and temperate analysis systen{Sun and Crook 2001)
Sun and Crook (2001gstedthe feasibility of initializingan NWP cloud model with
single Doppler observations and predicting the evolution of the thundersamuns
verified against the dlidoppler analyses with succesSun (2005a)developed a

variational Doppler radar analysis system that produce real time boundary layer wind
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and temperature analyses using W& radar data with succesSun and Wang
(2013) showed that during a squall line eveADVar produced higher precipitation
skill scores compared to 3DVar.

One advantage of variational methods is that constraints can be imposed
directly into the cost function(Xie et al. 2002) For example,Ge et al. (2012)
incorporated a diagnostic pressure equatida a storrescale 3DVar system ithe
form of a weak constraing[g.,adding another termlf) term inthe cost functiorof
Eq. (23)] in addition to a mass continuity equation constraint. They found that both
constraints yielded the best resulfBhese constraints are meant to maintain
dynamically consistent optimez solutionsin thedataassimilation systeprwhichhas
been shown to gatly improve the analysis and subsequent forecasts of deep
convective storms

Variational methods are powerful, robust, andll-developedmethods for
determining an analysis via Bayesian principl&en today, as much more
sophisticated methods exisigadussed in a latexectione.g., hybrid methods), 3DVar
is still used in research applications, especially in early system testing and
development. This is because 3DVar has a relatively low computational expense
compared to other methods. Therefore, l&l8DVar for most operational NWP
applications is outdated, there still resides some useful applications of 3DVar and is
sti |l | an i mportant aspect of NCEPOG6s data a

On the other hand, the use of a pure 4DVar system, while it has beemtshow
provide improved analyses when compared to 3DVar, would not make the best use of

resources as the preferred hybeisemblevariationalmethods (discussed later) are
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computationally less resource intensive, do not require deeelopment and
maintenane of a linearized dynamical modahdstill produce better analyseBefore
discussing hybrid methods (or a blend of variational and ensemble methods), it is
advantageous to first cover ensemble methdlderefore in the following sectiorthe
discussia will beginwith theminimum variance approadi theKalmanFilter which

will eventually lead tats ensemblepproximation

1.5.4Sequential Methods (Minimum Variance)

Minimum variance seek® find the most optimal weight matrix that minimizes
the anaysis error covariance matriXOne might think of this in theimplestterms as
least squarelinear regression. In the least squsaestimation,all the errorsarethe
same so one would fit a line to the observations that minimizes the sumsojutre
of the residuals (or distances of each observation to the line). Generally, not all
observations will have the same error variances and thus the observationswerth lo
error variances should be given more weiglhius,in minimum variance approach of
the multiple linear regression problem we attempt to find the optimal weight matrix
which is thebest linear unbiaseéstimator,and we can do this using the Gaussian
asumptions that we made using a Bayesian approach.

This sectiorfirst discusses practical implementation of the original Kalman
filter: optimal interpolation This will then lead into Kalman filtering and
simplifications of Kalman filtering that are moreommonly found in weather
forecasting. Each section will begin with the derivation of the analysis equations for
the various methods and then this section will conclude with a discussion of previous

work as it relates to radial wind assimilation usingimumm variance methods.
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1.5.4.1 Kalman Filters (KF)
The Kalman Filter (KF) was first formulated Byalman (1960and is formally
very similar to optimal interpolatiofOl; Eliassen 1954; Gandin 1963he goal 0Ol
and theKF is to obtain the best possible estimate of the statey combining the
background equal to the true value the stateplus the background err,
X X R (31
with observations equal to the true valudifiterpolated to observation spamgthe
observation operatoiQ, plus the observation errm,
y Ox R (32
as a linear combination such that the analysis is equal to the background plus the
innovation weighted by the optimal weight matrix
Xx X 7y '™Ox 8 (33
The innovatiorvector A is the difference between thbservation and the background
mapped to the observational point via the nonlinear forward opé&batod is defined
as
A y "Ox (34)
The weight matrix7 , is usually called thgain matrix+, especially in the Kalman
filter literature. Now, we attempt to find thoptimal weight matrix which is theest
linear unbiased estimatasing a Bayesian approach.
Recall in Eq.(22) that the posterior is simply the product of two Gaussian
probability distribution functions: the prior times the likelihood of the observations.

The analysis irEq. (33) is also simply the true state,, plus the analysis error,

42



X X R (35
The analysis error variance is what we want to minimize atigtisssence ¢&falman
Filtering.
Now we define the error covariance matrices for the analysis, the
background;A, and the observationg, respectively by multiplying the respective
error vectors by their transpose and then averaging over many casege(@n

ensemble) to find the @xpected value denot

"E Okt O x X X X (36)
"E A Ot & (37)
"E R Okt (39)

The analysis erroRr, is the difference between the analysis state and the tree stat
Then, plugging in Eq(33), we can write the analyses variancetlas sum of the

background error variance and thygimally weighted innovatiomector

x x TA (39
R 7R (R
Therefore, the analysis error covariariée, can be written as

"E OrR 7R (R R 7R (R

R (Y 4 7(" 72 (" 7 8
The optimal solution that minimizes the total variance of the analysisQikk, can
be found by differentiating the total analysis variafimetaking therace of E , with

respect to the weight matrk and then setting the derivative to zero
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“YE OYi" Yi"( 7 YiZT(" YiT 2 (" 7
CYi"( 7 Yi7T 2 (" 7 (40)

(2 (¢t

FromEg. (40) we can obtain theptimal weight matrix

7 "(*("(* 2 +8 (41)
Finally, abstitiing the Kalman Gain intdeg. (33) we arrive at theKF analysis
equation

X X "(*("(*2 A (42

The KF algorithm determines the analysis, by weighting the innovation
vector,d, by the optimal weight matriX . Note thatin the Kalman Filter, the error
covariance is advanced by using the model itself instead of using a static BEC such as
is done in OlNotice that the result for the analysis equation in 3D&@r(28) looks
very similar toEq. (42) obtained here for KBI. It has been shown thdDVar and
KF/Ol are equivalentKalnay 2002 p. 171however, they use two distinct methods to
solve for the analysisihere are many variations of the Kalman Filter; therefore, th
remainder othis section will discuss only a few of the variations thatratevantto
this thesis
1.5.4.2Extended Kalman Filter (EKF)

The Extended Kalman FiltdEKF; Einicke and White 1999% the nonlinear
counterparof the Kalmarfilter,anditi s of ten regarded as the g
assimilation methodsln the EKF, he forecast error covariance is obtained by
linearizing the model about the nonlinear trajectory of the maideas been shown

that under certain conditions, the solatior the fourdimensional variational (4DVar)
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andEKF (i.e., the nonlinear counterpart of the KF; Einicke and White 1999; Kalnay
2002 p. 177180)are equivalent. The equivalence of the EKF and 4DVar hold, as noted
by Daley (1991 p. 384yvhen the forecast model is linear and perfect, the observation
operator is linear, and the BEC Qtis the BEC used in the 4DVar equation. This
equivalence between EKF and 4DVar has also been showrotgnc (1986) The
problem with the EKFdgthat it istoo expensive sincde linearized model has a rank

n (degrees of freedom in the modat)d updating the error covarianseeiquivalent to
performingO(n) model integrationgKalnay 2002; p. 180)it is for this reason that
many simplificdionshave been made

1.5.4.3Ensemble Kalman Filter (EnKF)

The EnKF methodEvensen 1994; Houtekamer and Mitchell 19@8)an
example of a simpliéd, ensemble representation of Kie method whichrelies onan
ensemble tapproximate the BEC from an ensemble or a collection of individual
forecasts. Because the BECs are estidhfaien an ensemble forecast arfichingsfrom
day-to-day, the BEC from th EnKF will contain the errors of the day often referred to
as flow-dependent errotsThe flow dependent errors provided explicitly by the
ensemble is distinctly different and stronger ttt@n flow dependency inducdy the
modelin 4DVar.

When formulatiig an ensemble data analysis system (such as the EnKF), an

ensemble forecast framework is first developed Witmembers.

Ensemble X =(X1,€ ,Xm)
M
1
Mean X = vl Xm
m= 1
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Perturbations X = x;( X, € ,Xy X)

. 1 T
Covariance B=——XX
M 1

From the ensemble, the covariance matrix can be estimated using the ensemble mean
and the ensemblgerturbationsOne must also perturb the observatji@being the
vector of perturbed observatignaith random noise N(02’”). In the perturbed
observationEnKF, this is necessarpr the ensemble to main proper spredte

Kalman gain matrix can then be estimated ksirtyi as inKF/OI by the following

P _go¢ _.
+%/ + & 'p 9094 2/“é++& ||(4 ( ||(4 2/ (43)
- P

The equivalence holds if tlebservation operatoH)) is linear Likewise, the analysis
for each member can be estimated using a similar formulation as was dienfbh
a slight modification. Recall that fétF the analysis can be computed as
X x & d
then theanalysis for the EnKF is computed as
X x & y  EX (44)
where y y e ande is random error drawn from 2¢h, a normal
distribution of mean zero and a standard deviatio®’offhe analysis erroff , is
given by
"E g€ EE " (45

This formulation of the EnKF is known as Perturl@aaservation(PO) EnKF

andreferred to astochasticEnKF (Evensen 1994; Houtekamer and Mitchell 1998)

thePOformulation,Burgers et al. (199&howed that it is necessary to add noise to the
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observations in ordeo prevent the analysis covariance from being underestimated
leading to filter divergence.

Alternatives to the stochastic EnKF algorithm have been developed which do
not require perturbing observations. The alternativedstarministicformulation of
the EnKF which are a class of EnKlghownas ensemble square root filtdEnSRF;
e.g., Whitaker and Hamill 2002)Vhitaker and Hamill (2002have shown that the
EnSRF is more accurate thtre $ochastic EnKF for the same ensemble sizeéhe
EnSRF formulatiorof Whitaker and Hamill (2002)which removes the necessity to

perturb the observations, thaalysis covarianas given by

g g8’ (46)

and, for a single observation, has the solution of

27

so,the corresponding analysis perturbation ensemble update is

H € €& H (48)
whereHis thesquare rootof the respective covariance matrbhus,the analysis and
forecast error covariance matrices can be represented as

'E HH®
(49
“ HH®
respectively
There have been many different implementatiordetérministicEnKF which

are all part ofa subclass ofEnKF known asEnSRFand are all formally equivalent
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and differ only in how they are implementédippett et al. 2003)Within the
classification of EnSRF, there is thHeocal Ensemlte Transform Kalman Filter
(LETKF; Hunt et al. 2007among others. The LETKF, similarly to the Local Ensemble
Kalman Filter(LEKF; Ott et al. 2002; Ott edl. 2004) is alocalized version of the
ensemble transform Kalman fit¢ETKF; Bishop et al. 2001)The ETKF seeks to

transformthe background ensemble perturbations
X =x( X, xy X) (50)
into analysis perturbationX, , by multiplying by a transformation matriX,
X =XT (59)
The transformation matrix is derived ({Bishop et al. 201; Wang and Bishop 2003;

Wang et al. 2004and is given by

T Ccio |- (52)

whereBishop et al. (20013hows thaC andi are theorthonormal eigenvector matrix

anddiagonal matrix containing the eigenvalues)(ofT € TE X respectively(whereg

is the normalized observation operator) &mlthe identity matrixin other wordsthe

ETKF works in the subspace of the ensenpielidurbations and then seeks to minimize
error covariance of the amplifying modes or those modes which are the most unstable
and lead to the greatest forecast errble ETKF was latemade more efficient via

the LETKF (Harlim and Hunt 2005; Hunt et al. 200&)d is formally equivalent to
performing the ETKF on localized domaiby only assimilating the observations
within a given radiusEach local analysis involves much less data than the full global

analysisto compute.The global ETKFrequires the ensemble to contain the global
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uncertairtly of the modelwhereaghe LETKF and LEKF only requir¢ghe ensemble to
containthe uncertainty in the local regipthis localizationeffectively lowes the
dimensionality of the data assimilation probleks.noted byHarlim and Hunt (2005)
each of the local analyses can be computed independently and in parallel thereby
making this scheme much more efficient

The relative advantages and limitations between EnKF and 4DVar are
thoroughly discussed ifGustafsson 2007; Kalnay et al. 2007a; Kalnay et al. 2007b;
Lorenc 2003)Both EnKF and 4DVar methodisy to incorporate some degree of flow
dependence. The EnKF does so explicitly via the ensemble permdatiile 4DVar
is able to include the flowlependent errors implicitly through the model propagation
(Thépaut et al. 1993a; Thépaut et al. 1993he EnKF is much simpler to implement,
maintain, and run and often has comparable skill to 4¥¥ay., Caya et al. 2005)
4DVar struggles under highly ndimear processes such as at the convective scales
while the main disadvantage of a pure EnKF method is its rank deficiency of the BEC
which is usually measurday a relatively small ensemble size compared to the number
of degrees of freedom in the model. The effects of rank deficiency such as spurious
long distant correlations can be reduced by localization and by ensemble inflation
which otherwise would lead fiilter divergence (or the ensembaving too low of
variance thudeing overconfiderdand completely ignoring the observations).

Due to the rankleficiency of the error covariance in the EnKF, it is crucial to
apply localization techniques to remove long range spurious correlations. Covariance
localization is performed by using a Schur (element wise) product @dnbemble

basedcovariance estimates weighted by a distdependent correlation function that
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varies from 1.0 at the observation location to 0.0 at somsg@eified distancéHamill
et al. 2001; Houtekamer and Mitchell 200BYy applying localization, the effective
ensemble size is also increageladmill et al. 2001; Oke et al. 2007; Ott et al. 2004)
addition to covariance localization, there isoadomain localization such as through
the use of a local ensemble Kalman fili@it et al. 2004)
1.5.44 Discussion of Ensemble Methods and Their Use for Radial Wind DA

Ensemble based methotlave alsobeen successfully utilizeoh radar DA.
Once again, we find tharevious work haalmostexclusively focused on convective
scale data assimilatiomith an analysis grid of-Bkm (Aksoy et al. 2009; Caya et al.
2005; Dawson et al. 2012; Dong et al. 2011; Dowell and Wicker 2009; Dowell et al.
2011; Dowell et al. 2004; Snyder and Zhang 2003; Tong and Xue.2BO6bgxample
Snyder and Zhang (2008)adeone ofthe first attemp to assimilate Doppleradar
observations usg an EnKF DA method and was performed within the context of
convectivescale NWP. In this study, they tested the EnKF using simulated
observations of radial velocity from an isolated supercell thunderstorm in a perfect
model scenario. The observations a&veimulated at-nin intervals at each grid point
where the rainwater met a particular threshold with random noise added to simulate
imperfect observations. With-in EnKF analysis updates, the simulation of the
thunderstorm was able to closetgsemblethat of the reference state after the
assimilation of only a few volume scans.

Using the same setup fro@nyder and Zhang (20Q3Laya et al. (2005)
compared 4DVar against the EnKF in the context of radar DA. fichendthat4DVar

and EnKF to produce comparatively accurate analyses, although disgiesimay be
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noted depending on the number of assimilation cycles and the assimilation window
length. 4DVar generally performs better than the EnKF within the first few cycles with
then EnKF outperforming 4DVar at later cycles.

There is a wealth of othestudies, aside from those already listed, using
ensembleébasednethods for radar DAe.g., Jones et al. 201Snook et al. 2012; Tong
et al. 2020; Tong and Xue 2008)he use of ensemble methods for radar DA have
become relatively matuffer convectiorallowing applications.

Both variational and ensemble methods have their respective strengths and
weaknesses; therefore, hybrid methods (next section) have been suggds$aedilby
and Snyder (200Qs they overcome the challenges that exist in botarteembleind

variational methods.

1.5.5 Hybrid methods (3DEnVar, 4DEnVar, & hybrid gain)

To overcome thehallenge®f ensemble methods and the traditional variational
methods such as 3DVar and 4DVHlamill and Snyder (200Qroposed the use of
hybrid methods Hybrid methods are a class of algoms that solve the data
assimilation problem by blending a static BEC with an ensemble BEC apddan
shown to outperformariationalmethodsand have generally comparative performance
to that ofensemblébasedmethods

Hybrid methods are featuredtinis dissertation. Hybrid 3DEnVar was used in
Chapter 2, hybrid 4DEnVar i€hapter 3, and hybrid gain {Dhapter 4. The choice of
which method to use was dependent entirely upon what was used within the current

system at the time.
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1.5.5.1 Hybrid Three-Dimensional Ensemble Variational (3DEnVar)

The first hybrid methoddiscussed heraes the hybrid threelimensional
ensemble variational (3DEnVar) methddybrid 3DEnVar is a wariational method
which determine the analysis (i.e., the most likely stajiwen the prior forecast and
observations) by the direct minimization of a cost functidre hybrid 3DEnVar cost
function may be written in incremental form as (¥¢é&ng (2010):

Jix, U =
N (53)

1. . 1 . a1 . ] y
b Bt Ui +b,3 oo +5 d ZHix, TR d ZHlix,

n=1
The incremental form is used for simplicity and the analysisements,and the

innovation are defined as follows

d y E&x
The analysis increment derived from the static error covariameemeasures the
departure of the optimal state or analysjdfrom the previous forecast or background,
x , and is weighted by the inverse of the static (fixed) background error cowarianc
matrix, B;. The innovation or observation residudl,measures the departure of the
observationsy , and the background state by means of thelinear,H and linear
observation operatotd, and is weighted by the inverse of the observation error
covarianceR. The flowdependent, ensemble estimated covariances are included in

the cost function through the extended control variable mgibhm@nc 2003; Wang
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2010) The extended control variabld!, represents the ensemble weights locally at
each grid point, which are used to construct the analysis increments through linear
combinations ofthe ensemblgerturbatios, xg using a Schur product whekkis the
number of ensemble membefie matrix,L, denotes the error covariance for the
alpha control variable and is specified to be of unit amplitteigh which covariance
localization can be imposed@he total analysis incrementy;, is a linear combination

of the analysis increment derived fronethtatic error covariance and that which is

derived from the ensemble perturbation prescribed by the alpha control variable. The

tuning parameterix;1 andb;l, are used to control the weight given to the static or

ensemble contributions respectivelyg(eb;lz 0 . gvés 25% of the weight to the
static and 75% to the ensemble error covariance). These tuning parameters are
sometimesassumed to sum to gnieut that is noa strictly necessargonstraintsince
neither the modeled covariancer the ensembleestimated covariance apeerfect
estimations of the true covarian@ishop and Satterfield 2013)
1.5.5.2 Hybrid Four-Dimensional Ensemble Variational (4DEVar)

Like 4DVar as an extension of 3DVar, hybrid 3DEnVar can be extended to the
hybrid fourdimensional ensemble variataii{4DEnVar). However, unlike 4DVand
hybrid ErdDVar (Bannister 2017)hybrid4DEnVar no longer requiresliaear model
and its adjoint to include flowependency within the analysiMon-linear ensemble
perturbations, , valid at multiple timesQ are usd to replace the linearized model.
This makes hybrid 4DEnVar not only easier to maintain, but also less expensive to run

relative to 4DVarThe hybrid 4DEnVar cost function can be written as follows
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(54)

where

1X=1%+  U'21x3

n=1

IRCEANE PUE S VAL )

n=1
Recall that 4DVar solves for the 4D increments at the beginning of the window and
propagates the innovation through the time window using the linearized model and its
adjoint to find the best analysis across multiple states within the time window. The
BEC in 4DVar is also time invariant meaning the flow dependency that is implicitly
introduced comes from the propagation through the time interval by the linearized
model. This makes the flow dependency weaker than from say explicitly including the
flow depena&ncy from an ensemble directly such as in hybrid EnVar methods.
Compared to 4DVar, the hybrid 4DEnVar method is fundamentally different in how
the 4D increments are determined because the background states from the nonlinear
model are provided directly liype ensemble rather than through a linear model. In a
sense hybrid 4DEnVar l&e 3DVar FGAT in that multiple backgrounds are provided
throughout amnalysis windowbut hybrid 4DEnVar is computing a 4D increment and

3DVar FGAT computes a 3D incremeng(j.not varying in time).
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There are advantages and disadvantages to both En4DVar and 4DEnVar aside
from the relative computational cost s.
suggests that it uses the same tanfjeeair machinery such as in 4DVar toplicitly
include flowrdependency by propagating the ftdhk BEC but is still restricted to
using the static BEC at t{8annister 2017; Poterjoy and Zhang 2018)is, however,
also allows for easier inclusion of tinckependent localizatiosince localization can be
applied at t=0 and then implicitly propagated by the tantje@ar model. On the other
hand, 4DEnVar is unable to evolve the static BEC in time and including time
dependent localization within the 4DEnVar system is-tmimial and is typically not
accounted for within the systgifoterjoy and Bang 2015)Poterjoy and Zhang (2015)
showed hat En4DVar produces superior results relative to 4DEnVar when localization
is included and otherwise produce similar results when no localization is used.

1.5.53 Hybrid Gain

Up until now, the hybrid methods that have been discussed have been focused
on supplementingan operational variational system with dynamic error covariance
information from an ensembl@enny (2014)ntroduced a different approaethich
insteadsupplementsn operational EnKFor other ensemble methodijth information
from a3DVar analysis. This type dfybrid methodallsinto a class of methods called
hybrid gain. Essentially, hybrid gain metlsodombine the gain matrices of the
ensemble and variational methods, rather timearly combining the respecé BECs

Recall that in the EnKF, the Kalman gain matrix is the weighting applied to the
observational innovatioriPenny (2014}hen defines a general hybrid gain matrix as
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+ o+ ) (+
where+ s just the optimal weight matrix using the static BEC,
+ ++& --(4(11(4 2
+ is the optimal weight from the ensemble martiwherethe betgparametergb and

b ) can be defined according to a specific configuration and are the weightings for the
EnKFincrementand3DVar incrementespectivelyln Penny (2014)the Hybrid/Mean
configuration define® p Uandb  Ugiving the analysis as
x X +(UAGQEA gx
X +( UAQEA
whereX is simply the ensemble mean background. Howdvegndb need not

necessarily sum tb. The hybrid gain method has the advaetafjieasy implementation
and has arelativelshea@r computational cosbmpared to hybrid variational methods
with comparable performang@/hitaker 2020)
1.5.5.4 Discussion of Hybrid Methods and Their Use for Radial Wind DA

Some studies have shown that the use of a hybrid DA systeeifectiveor
convectivescale forecastingCarley 2012; Gao and Stensrud 2014; Johnson et al.
2015; Li et al. 2012)Li et al. (2012)compared tropical cyclone forecasts initialized
from 3DVar and hybrid 3DEnVar analyses with radial wind observatidis.
experiments assimilating radar data showed improved intensity analyses and forecast
compared to experiments without; however, the experiment using hybrid 3DEnVar
produced better fits to the observed radial winds and better precipitation forecasts.
Carley (2012useal hybrid 3DEnVar for radar data assimilation and testing the impacts

on the short term prediction of storms and compared the performance relative to the
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3DVar approactandfound that the hybrid approach led to bettealgses Gao and

Stensrud (2014hlso studied stornscale radar data assimilation by assimilating

simulated radar obseations in an observing system simulation experimsentparing

the3DVar, hybrid3DEnVar, and EnKFRalgorithns and foundhat the hybrid 3DEnVar

and EnKF methods both performed relatively similar and were both better than.3DVar
Lippi et al. (2016) tested theassimilation of radial winds using a hybrid

3DEnVaralgorithm in theNAMv4 systemwith the goal of improving thassimilation

of the databy updating the radial windoutines in the GSIThe results ofwhich

promptedLippi et al. (2019)i.e., Chapter 2f this dissertatiopwhere the radial wind

assimilation in the GSI was furthienproved

1.6 Filters vs. Smoothers

Each of the previous ensemble and variational methods discussed can be further
classifiedas a filter or a smoother. A filter considers ociyrent and past obsvations
to create an analysis at the current time. A smoother constlgrast and future
observationsind when new observations become availablanalysis is computed for
all previous times up untihe current analysis time thereby creating anyasmabf the
model trajectorySome of theanost common filtersised in atmospheric DAclude
the EnKF, 3DVar, 3DEnVar, 4DEnVar, and PF and the most common smoothers
include 4DVarand the ensemble Kalman smoot(enKS; Evensen and van Leeuwen
2000; van Leeuwen and Evensen 1996)

Kurosawa and Poterjoy (202&xplored the relative performance of ensemble
and variational filters and smoothers in the context of thead@dble Lorenz model

(Lorenz 1996) The methods that were compared include EMIBA (Multiple Data
57



Assimilation; Emerick and Reynolds 201EnKS-MDA, En4DVar, 4DEnVar, and the
local PFand using the conventional EnKF and EnKSaasaselineThey found that

each method has advantageslerspecific conditionswhich they identified to be a
function of sampling error, nonlinearity iobservationoperators, and observation
density.In summary, they found that smoothers tend to perform well under weakly
nonlinear regime§.e., where there amense observationand where sampling error

is the dominant source of bidslters, on the other hand, tend to perform better where
nonlinearityin the observation operators and model dynamics play a larger role in the
application.

It would be worthwhileto test differentalgorithms in future studies to help
guide future data assimilation decisions in the operatidnainework however,it is
outside the scope of this work to determine the best algorithm teinse we are
seeking tamprove the use ofadial winds within the systems that have already been
implemented in operations. One other challengehoosing the method of assimilation
in operations is that is an optimization problem between fast, efficient algoritimms
order todisseminate anadgs and forecast in a timely manaad employing the most
accurate algorithmgherefore the relative costs associated with each method is

ultimatelyat the core of the decision.

1.7 Project Overview and Objectives

This dissertation is organized faflows:
Chapter 2 [publisheth the Monthly Weather RevieasLippi et al. (2019) describes

improvements made to the assimilation of Doppler radial winds for convection

58



permitting forecasts of a heavy precipitation event. The no@jectives of this chapter
are to
i. Investigate the benefit of extending the observation operator to include
vertical velocity,
ii.  Add vertical velocity as an analysis control variable, and
iii.  Investigate the benefit of tuning the supbservation parameters.
Chapter 3 describes and observing system simulation experiment in which the use of
radial wind observationis tested through various network configurations. The major
objectives of this chapter are to
i.  Build upon Lippi et al. (2019)y formally eploring the impacts of radial
wind observations in the GFS lagsessing their impactom a network
that is accessible today (i.e., the NEXRAD network),
ii.  Then extend that to the potential scenario of having access to all radial wind
observations worldige (i.e., the GLOBAL network),
iii. Testa purely hypothetical scenario where the worldwide network was
designed with highly uniform spatial coverage (i.e., hypothetical network;
HYPO for short) and
iv.  Considetthe effects of upstream DA on the downstream forecast
Chapterd describeshe development of an hourly global data assimilation system and
builds upon Chapter 2 and 3 by testing the assimilation of radial wind within this new

system.The major objectives of this chapter are to
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i. Develop and test possible configuratiam&n hourly updating global data
assimilation system including an overlapping window appraawthan
approach using catalp cycles,

i. Determine the best approach to handle imbalances caused by the initial
conditions;the 4-dimensional Incremental Aheis Update 4DIAU) and
an approach without IAU are examinead

iii.  Test the assimilation of radial winds in the GRIRa landfalling Tropical
Cyclone case.
Chapter 5 will conclude this dissertation. This discussion intlude a
summary of the work presented in this dissertaaiot a thought for future work. This

section will also include a summary of some unsuccessful efforts.
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Chap2tlempr ovements to the Assi mi/l

Wi nds for -PeomnegdtFioonrecasts of

Evephlti ppi et al. 2019)

This chapter is a slightly modified
of Doppler radial winds for convectigme r mi t t i ng f orecast of
published in the Monthly Weather Review (agpi et al. 2019) and has been
reproduced here th the permission of the copyright holder obtained on 4/14/2022.
Lippi, D. E., J. R. Carley, and D. T. Kleist, 2019: Improvements to the Assimilation of

Doppler Radial Winds for ConvectidPermitting Forecasts of a Heavy Rain

Event. Monthly Weather Reviewl47, 36093632, doi:10.1175/MWHD-18-
0411.1.© American Meteorological Society. Used with permission.

2.1 Introduction and Background

Only four national centers assimildd®ppler radaradialwindsin operational,
convectivescale systems: Météerance, the Met Office, the National Oceanic and
Atmospheric Administration (NOAA) National Centers for Environmental Prediction
(NCEP), and the Japanese Meteorological Agency (Gustafsson 20CBP first
assimilated radial winds during the 1996 summer Olympics in Atlanta, Georgia;
however, it was not until 2006 that radial winds were assimilated operationally in the
12-km NAM system [http://www.emc.ncep.noaa.gov/INAM/clog.php]. Operational
numerical weatheprediction (NWP) models have since progressed to convection
permitting resolutions (i.e., where convection is not parameterized) as a result of
increased computer power and scientific advancement. Operatataahssimilation
systems, on the other handve not yet progressed to best leverage radial winds for

convectivescale NWP systems.h& assimilation of radial winds from the United
61

a

ver

a

C

~



StatesWSR-88D network(Crum and Alberty 1993)as received a great deal of focus
over the past few decades in the research commsinitg Doppler radar is one of the

only networks of instruments capablesaimpling the storrscale environmenMany
studies(e.g., Gao and Stensrud 2014; Gao et al. 2004; Johnson et al. 2015; Xiao et al.
2005)have shown methods for assimilating radial winds that can benefit the analysis
and forecast o€onvectionpermitting model8 most of these configuratiorege not

yet suited for operational application owing to computational expesge compute

time, nodes required, disk space, etc. In this study, the focus is on the assimilation of
the radial wind observations. The exploration of the direct assimilation of radar
reflectivity along with radial winds is beyond the scope of this manuscript and is the
subject of complementary, collaborative effofésg., Duda et al. 2019However,
reflectivity is used indirectly in all experiments in this study by applying rddeved

latent heating tendencies in the forward part of the digital filter initialization
(Gustafsson adl. 2018; Peckham et al. 2015; Rogers et al. 2017)

Radial wind observatior(tiu et al. 2016from scan anglegreater thah° have
historically been ignored for assimilation in operations becdatecoverage reduces
rapidly as the elevation angle increab&y(4). Additionally, model horizontal grid
spacing was sufficiently coarse that one could ignore the analysis -dfydoostatic
motions when the radiavind assimilation algorithm was originally implemented at
NCEP. NCEPG6s radial wind observation oper a
which necessitated the restriction of a maximum allowable elevation angle in order to
exclude observations withdh scan elevation angles from contaminating the analysis,

as the contribution from vertical motions woyddtentiallybecome nomegligible at
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such angles. Each of the other centers that assimilate radial wind observations also only
considerthe horizontawind components in tlirecorresponding observation operator
(Ishikawa and Koizumi 2006; Lindskog et al. 2004; Liu et al. 2005; Simonin et al.
2014) By limiting the nuniber of scan elevation&ig. 4) in the assimilation process, a
considerable amount of potentially useful information is discarded. Moreover, ignoring
vetrtical velocity in the vicinity of strongly nehydrostatic flows, i.e., where vertical
velocity can be significant (50m s?), is potentially problematic. Therefore, BSI6 s

(Wu et al. 2002)radial wind observation operator is extended to include vertical
velocity. In future related studies, the inclusion of vertical velocity in the assimilation
system will have potentially important implications for stestale models by helping

to establish some of the ntwydrostatic dynamics associated with deep convective
storms, thus leading to an improved forecast of these storms. However, due to current
limitations of the model used in this study, the analysis ofcadrtielocity does not
directly feedback into the forecast but agtemarily as a sink term in the observation
operator This allows the analysis of vertical velocity to have an indirect impact on the

resulting forecast which has been shown thraegting
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Range vs. Height using the 4/3"“ Rule

30 ! ! !

0 ; ; ;
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Fig. 4. Radar beam height estimation in km above radar level as a function of range and elevation angl
the 4/3%rule for standard atmospheric refraction. The grey shaded area shows the elevation angles
assimihted prior to this work with the maximum elevation angle restricted to 5°. The blue shaded area
corresponds to the max elevation angle of \ABBR's from the available volume coverage patterns and cal
considered the volume that could potentially be assied when accounting for vertical velocity in the
observation operator.

Another aspect to consider for improving the radial wind assimilation is
reducing the errors that arise from the disparity between observation and model
resolution, i.e. errors of peesentativenegsJ a nj i | .Rrior toas$similaofthe 8 )
radial wind observationsire on local polar radar coordinates having dimensions
approximately 1azimuthx 250m gateswith a temporal frequency & 10 minutes
The spatial and temporal resolution of this data exceeds the resolutioosbf
operationaknalysis systesi(e.g., a &km analysis grid)To account for some degree
of representativeness error, it is standard practiceoimbine the radial wind
observations to create-soa | | e do bfisseurpvda.g.,iLindskegdet al. 2004; Rihan
et al. 2008; Simonin et al. 2014; Wheatley et al. 2088perobservatiormethods vary
in technique, but all have the same purpose and naturally involve some degree of
smoothing of the information content and underlying variance in the observation field.
The supemobservationtechniquie used in the GSI follows the method(afpert and

Kumar 2007)using tunable parameters that have not been modified in operations since
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the advent of convectiepermitting NWP. The supearbservation parameters require
revisiting as operational NWP auldta assimilatiomoves toward resolutions where
some of these mesoscale convective circulations are resolved. Refining these
parameters will help retain storstaleinformation content that, historically, would
have been necessarily smoothed.

This study investigates the impacts and sensitivity of radial a&stmilation
on a convectiompermitting forecast system with specific attention to the formulation
of the obsevation operator and supebservation prg@rocessingThe modifications
to the radial wind assimilation scheme in the present study are considered first steps
toward advancing the use of these observations at the convecdilesin an operational
setting

In Section2.2, the model andata assimilatiosystems are described along with
a description of the enhancements to the existing radial wind observation operator. The
results are presented in secti®®. This work is concluded in sectidh4 with a

summary and a discussion of future work.

2.2 Methods

2.2.1 Model and Data Assimilation Configuration

Retrospective forecasts were produced using the North American Mesoscale
version 4 (NAMv4) forecast systefRogers et al. 2017The NAMv4 runs hourlglata
assimilationcycles and was reconfigured to issueh®ir forecast four times pday
at 0000, 0600, 1200, and 1800 UTC over th&it?parent and-Bm CONUS Fig. 5)

domains and Bour forecasts at each intermediate hour (e.qg.,, @D, 0300, 0400,
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and 0500 UTC etc.) over thekBh CONUS nesiGustafsson et a{2018)andDjalalova

et al. (2016)provide additionainformation about thedata assimilatiortycling and

other model characteristics of the NAMv4 CONUS nest forecast system. The review

paperGustafsson et al. (2018)so provides configurations for other operational centers

supporting onvectivescaledata assimilatiomnd NWP. The configurations used by

the parent and CONUS nest domains are summariZeabie 3.

NMMB Domain Configuration

Primary domain dimensions: Nx = 954 Ny = 835 dx = 0.1260 dy = 0.1080
center lat = 54.00 center lon = -106.00

Fig. 5. Computational and verification domains. The outer (black) and inner (red) domains aréthe 12
parent and &m CONUS nest computational domains, respectively. The objective verification statistics
calculated over the inner @y shaded) domain located over the South Central (SC) U.S. ukmgg8id
spacing.
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Table3. Summary of the configuration and physical parameterizations used by the two NMMB domaing
. - Gravity
Domain Grid Radiation Microphys Turbulence Sfe. Land Wave Cumulus
space (LW/SW) lyr. sfc. Drag
RRTMG Ferrier Noah
(Mlawer et al. Aligo MYJ . MYJ . (Ek et on BMJ
Parent 12-km . . Qanji Janj (Alpert (Jan
1997; lacono  (Aligo et al. 2001) 2001) al. 2004) 1994)
et al. 2008) 2018) 2003)
RRTMG Ferrier Noah
CONUS (Mlawer et al. Aligo MYJ o MYJ (Ek et
3-km . . Janji Janj None None
nest 1997; lacono  (Aligo et al. 2001) 2001) al.
et al. 2008) 2018) 2003)

Data assimilatioms performed using th@ SI(Wu et al. 2002¥5ystem. The GSI
is a variational analysis system formulated in model grid spacésamkdin many
operational applications at NCEP, suchtss MAMv4 forecast systerfRogers et al.
2017) the GFS (Kleist et al. 2009h)the Rapid and High Resolution Rapid Refresh
systemgHu et al. 2017)and theRealTime MesoscaléAnalysissystem(De Pondeca
et al. 2011) In this study,the GS is configured using a hybrid threBmensional
ensemblevariational algorithn(3DEnVar; Kleist and Ide 2015b; Lorenc 2013; Wang
et al. 2013; Wu et al. 201Where the static covariance is implicitly blended with an
ensemble covariance through the extended control variable m@tbhoehc 2003;
Wang 2010)and uses a T574 (~38n grid spacing) 8dnember ensemble from the
GFS to provide the ensemble background error covarigiea et al. 2017) The
weighting between the static and the fldependent, ensemble background error
covarianceis set t025% and 75% respectivelwhich is consistent with the settings
used i n the opekmaCONUSMast datdlasditmildtionssch@&Tbe
univariate portion of the statimackground error covariancemodeled using recursive
filters (Purser et al. 2003a, 2003m)d statistical balances are employed to account for

the crosscovariancedetween control variable®.g., streamfunctionwith balanced
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temperatre, velocity potential, and surface pressun®) regional applications,
recursive filters are also used to impose localization of the alpha control variable as
part of the ensembleased background error covariarifeirser et al. 2003a, 2003b;
Wu et al. 2017)The statidbackground error covarianegatistics were estimated using
the sacalled NMC methodParrish and Derber 1992yhich averages the differences
between lagged forecast pairs (e.g-, &4d 48hour forecasts) valid at the same time.
The staticbackground error covariands identical ® that used in the operational
NAMv4 system formulated to be isotropic angry vertically and latitudinally

The comparatively coarse nature of the static background error covariance and
ensembles leveraged in the hybrid 3DEnVar system limits the fale sature of the
analysis increments that can be prescribed. Therefore, the data assimilation is
performed on a grid that is three times coarser than the model grid, t#kam ar@alysis
grid. This practice is consistent with the operational configuratfathe NAMv4 3km
CONUS nest system and allows for efficierste of computational resources without
changing the characteristics of the analysis; however, this aspect will be revisited in
future work whera fine-scaleconvection permitting ensemble i€inded in the EnVar

algorithm.

2.2.2 Extending the Radial Wind Operator for Vertical Velocity

Data assimilation requires the comparison of model state variables to
observations. As is the case for many observation typdgl wind is not a direct
model prognostic variable; therefoeerelationship which transforms the model state,

X, into an obsrvation equivalenty, must be used. This transformation occurs with the
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use of the observation operatpr, The general relationship between the model state
variables and observations can be written as:
o (0o f (55)

where ©is the observational errderrors associated witladial wind observatigran
be attributed to four main sources: instrument errorppoeessing errors, errors of
representativeness, and errors introduced byobservation operatdiWaller et al.
2016) Errors introduced by the observation operator are the result of omissions and
approximations of the equatioiherefore, the prescribed observation uncertainty
should also be updated when modityihe observation operator; however, this will be
left for future work.
2.2.2.1 The Radial Wind Observation Operator

The original GSI radial wind operator took the form:

V, dU =uc o3 o (vs idhc(o® ( (56)

where V: is the radial wind observationy and v are the model horizontal wind
componentsglis 90° minus the azimuth angle of the radar, diglthe elevation (or
tilt) angle of the radar. The formulation here uses the azimuthal directions based on the
unitcird e rather than the Cardinal Directions
atmospheric refraction are accounted for via the-foiids approximatiorge.g., Ge et
al. 2010) Wind rotation is also included to accommodate relevant coordinate
conversons.These corrections are included in the azimuth and elevation angles of Eq.
(56).

Historically, theradial wind operator has not accounted for ithfeuence of

vertical motion, owing to the hydrostatic scales of motion to which it was applied (e.g.,
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12-km). Due to this restriction, radial wind observations associated with scan elevation
angles greater than 5° were routinely discarded in order toed¢hea impact of vertical
motion on the radial wind field. Using themplified observation operatoEf. (56)]

will produce a bias error in the moajuivalent value when high elevation andkeg,

Fig. 4) are used considering the vertical component of the windd makea non

trivial contributionin the observed radial wind especially in the presence of strongly
northydrostatic motiongdowever, the sensitivity to this assumption will be a function

of several factors such as the model resolution.

To extend the radial wind observation operator nalude the vertial
component of the wind, E¢G6) was modified to include a third term:

V, dU =uc oBqd o (vs idhc(o® (wis iU ( (57)
wherew represents vertical velocity.

The difference between thesgo observation operatois shownin Fig. 6.
Whenw is zero,there is no difference between the observation operators. Wien
positive (negative)Eq. (57) underestimates (overestimates) the radial wind. The
magnitude of error is strongly dependent on the vertical velocity as well as the elevation
angle. The maximum possible error for an el@raingle more practically used in an
operational scenaritess thar20°, with an assumed vertical velocity of h0s?, is +£
3 m st. Such large vertical motions are not unusual for deep convegiiis .error
would be much greater (less) in regionsvefy strong (weak) vertical motion and/or

steeper (less steep) elevation angles.
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Doppler Radial Wind Observation Operator Differences

Vir(u,v)—Vir(u,v,w
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Fig. 6. The differencdEq.(57) i Eq(58)] between the origal observation operator [E¢h7)] and the
observation operator withtarm for vertical velocity [E{58)].

Large raindrops, around 5 mm in diameter, have terminal velocitiesof
about 10 m 3 (Spilhaus 1948)eading to an error from E¢7) of 0 s i Up ¢r about
1.7m st in the most extreme casts elevation angles of 18°the highest elevation
angle onsidered in the experimentsq. (57) more accurately simulates thadral
winds as compared to E(p6), although still cotains simplifications that should be
considered in the futurge.g., hydrometeor terminaklocity and beam broadening;
Fabry 2010)Nonethelesshis change results in a more physically consistent forward
model, reducerepresentativeness error, and allows for relaxing the maximum radar
elevation angle to beyond 5 degrees, ultimately atigwa larger volume of

observations to be assimilated.
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2.2.2.2 Vertical Velocity Analysis Control Variable

The variational analysis (e.g., Hybrid 3DEnVar) is determined based on the
minimization of a cost function. The cost functiors measuredin part, by the
combination of the departures of the observations and background from a select set of
analysis control variable§he control variables may be any set of model or model
related variables. In the case of the GSI, the control variables are chosen with
considerations towards Gaussianity and multivariate balance. For example, the control
variables for the NAMv4 CONUS nest applicaticare stream function, unbalanced
velocity potential, unbalanced temperature, unbalanced surface pressure, and
normalized spafic humidity. During the minimization of the cost function, increments
to the control variables are made ahdn addedo the initial background forecast.
Only increments to variables related to the control variables (directly or indirectly
through mulivariate relationships) cabe affectedn the resulting analysis. Vertical
velocity was added as a control variable to support the analysis dfydoostatic
motion, which follows from thevork aboveto improve the radial wind observation
operator.

The periments heratilize an 8dmember ensemble from the GDAS running
at T574 (~35%m). The ensemblbased analysis increment is constructed by utilizing
the extended control variable methadrenc 2003used in the GSI hyid 3DEnVar
cost function(Wu et al. 2017)The ensemble perturbatiowind variables ar@ andv
and are not converted into balanced and unbalanced Basgsmble perturbations of
w arenot used at this time, owing to the fact that the perturbations are fgioba,

hydrostatic ensemble.
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The model used in this study, the Nonhydrostatic Multiscale Model on-the B
grid( NMMB; Janj i [,disgmsesvedtiaal vielocRy®id tBe)noiydrostatic
continuity equation with the knowledge of the hydrostatic and-hyaimostatic
pressures and temperature. Therefore, while the model is fulliydrostatic, it does
not feature a prognostic term specifically for vertical velotity anj i | and Gal |
This presents some difficultyy terms ofproviding an analyzed verticalation field to
the model therefore the associated analysis of vertical velocity in this study serves
primarily to reduce error present in the observation operator and therefore improve
representativenesgiowever, limited testing has shown that the asialyf vertical
velocity can indirectly impact the forecast
2.2.2.3Single Observation Tests

A useful tool for diagnosing several aspects of a data assimilation system is the
single observation test. Here, we seek to verify the successful implemeoffatimn
radial wind operator using syntheficdadial wind observations using a 3DVar
configured GSI. Two single observation tests were used to isolate and test the vertical
and horizontal components of the observation operator by assigning the elevgligon an
to two extremes: 90° and 0°, respectively. A 90° elevation angle corresponds to the
radar looking straightip, and the 0° elevation angle corresponds to the radar looking
tangentially to the Eartho6s sur dtiandest, at t he
the observation was placed abotkrmh above ground (corresponding to approximately

model level 18; between 800 and 99®a) directly over the Fort Hood, Texas radar

7 Synthetic observations may refer to observations that cannot be physically possible but are useful in
testing the functionality of the data assimilation system.
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(KGRK). The observation for the 0° elevation test was placed abekmafirecty to
the east of KGRK about 2a@ above ground level (approximately model level 4;
between 1000 and 94tPa). Although it is not geometrically possible for a radial wind
observation with an altitude above ground level to have a corresponding 0° elevation
angle, synthetic observations are used to facilitate testing by relaxing such rule. This
also applies to the 90° test since elevation angles in the real world do not exceed 20°
for WSR-88Ds.

An azimuth angle must be defined for the 0° elevation test. 3$igranent of
the azimuth angle will not affect the results of the 90° elevation test since only the
vertical termin Eq. (57) will remain. For demonstition purposes, we would like to
achieve a positive increment in only the zonal direction for the 0° elevation test (and
vertical direction for the 90° elevation test); therefore a 0° azimuth, or eastward
pointing radar was chosemo obtain a positive amgsis increment with an eastward
(upward) pointing radar, a positive innovation is need€His is becausethe
innovationsare calculateth observatiorspaceand outbound radial winds are positive,
which is a westerly (upward) wind for the 0° (90°) elewa test. For bottsingle
observation testgach observatiowas assignedn innovation ofr1.0 m st with an
observation error af.0 m s!. The statistical balance relationships associated with the
static background error covarianceere also set to zero to avoid multivariate
increments to isolate the impact from the single observation tests (e.g., increments in
temperature when onlgy u obsevationwas givef. Finally, the assigned winds were
assumed eartkelative,and thus the winds were not rotated fréatitudelongitude

coordinates. This ensures the observati@axactlyas prescribed.
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From these single observation tests, one can viiatythe newly implemented
observation operator correctly maps the model state into an observed equivalent
guantity so that an analysis increment tenmadeto the correct wind component
according to the given observation specifications (e.g., elevaidazmuth angles).

A comparison of the two experiments confirms the successful implementation of the
radial wind operator. As expected, the 90° elevation test shows an analysis increment
for only vertical velocity Fig. 7b) depicting an isotropicanalysis increment, as
expected in a 3DVar analysis. This test used a globally constant value for the vertical
velocity background error covarianegth a valueof 0.7 m? s and a horizontaand
vertical scale of influence of 2km and 10 grid units respectivelin contrast, the 0°
elevation test has isotropic increments only in the zonal wind compdhngréd). The

length scales for the horizontal wind components, originating from the operational
NAMv4 forecast system, are much larger than for vertical velocity hence the
comparatively broad incresnts.

The background error covariance statistics were not recalculated to include
vertical velocity for this studgince the vertical motion field is a diagnostic quantity in
the forecast mod&land therefore acts primarily as a sink term. The spetificaused
for the background error covariance in the single observation tests are used in the main
set of experiments presented in this study. Some sensitivity experiments were also done

with alternate length scales and those results will be discussdig bs well.

8 Recall that the mdel in this study diagnoses vertical velocity via the-hgdrostatic continuity
equation using hydrostatic and nbydrostatic pressures and temperature. It does not feature a
prognostic term for vertical velocity, instead the associated nonhydrostadicqstic term is
nonhydrostatic pressure.
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90-deg Single Observation Experiment
a) Increments (anl - bkgnd) of zonal wind (u) 2015103018

model level: 18
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90-deg Single Observation Experiment
b) Increments (anl - bkgnd) of vertical velocity (w_tot) 2015103018
model level: 18
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Fig. 7. Results from the 90 tilt single observation test (SOT). d8eideobservatior(black dot) was placed
1-km above the Fort Hood, TX radar KGRK (red star) waithinnovatiorof +1 m s* and an observation erro
of 1 m s’ 3DVar analysis increments are shown for (a) zaad u and (b) vertical velocityv.
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00-deg Single Observation Experiment
a) Increments (anl - bkgnd) of zonal wind (u) 2015103018
model level: 4
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Fig. 8. Results from the 0° tilt single observation test (SOT). The observation (black dot) was plkkeed 20
directly to the east of the Fort Hood, TX radar KGRK (red star) aboutr®8Bove ground level withn
innovationof +1 m s* and an observation error ofrd s. 3DVar analysis increments are shown for (a) zor
wind u and (b) vertical velocityv.
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2.2.3 Creating Supédbservations of Radial Wind Data

Prior to assimilation, the radial wind observatighs et al. 2016undergoan
aggregationand smoothing pr@dure to generate supesevations The super
observatiortechnique is employed to remove representativeness errors and reduce the
volume of observations, which are often redundant and come at the price of additional
computational expens@lpert and Kumar 2007)The supepbservaion procedure
involves a spatial and temporal averaging of the radial wind observations within a

volume defined in radar coordinates via the parameters nofebla4.

Table4. List of the supeobservation parameters and their default and experimental values.

Azimuth Elevation Gate . Max Minimum

angle : One-half time  elevation b
Configuration drange range spacing range (hours) angle num elr of
(degrees) (degrees) (meters) (degrees) samples

P ¥ Y Y < ® 1, d

Default 5 0.25 5000 +/- 0.500 5 50

Experimental 3 0.25 3000 +/-0.125 10 10

There are seven supebservationp ar amet er s : del azi mut h,
anglje, deel range, er ; del t I mMea Mmirggdtum ma x i mu

number, N; and maximumrangesf a&d, aaad e&er control s the wi
length of the supeobservation box azimuthallynielevation, and along the beam
respect i v e l-halftimestindawdgor vihicheto irclode observations. N is the

minimum number of observations that must exist within the sopservation box

defined in space and time in order for a supeservabn to be calculated. Finally,

] maxand Rnax are the maximum allowable radar elevation angle and maximum range

from the radar, i.e., an observation is discarded if it exceeds either of these values.
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Togetherthese parameters define @inensional box imadarobservation space and
time that formsthe boundsfor which the observations are processed into super
observationsThe effects of the sup@bservationparameters can be captured by
visualizing the radar observations befdfey(9a) and afterKig. 9c, d) the radial winds
have undergone supebservation prgrocessig. The corresponding radar reflectivity
observations are shown iRi¢. 9b) for reference. Through visuabmparisonone can
see thaFig. 9d features more detail tha&ng. 9c when compared tthe unprocessed,
raw data depicted iRig. 9a.

The maximum possible number of sujpdiservations per radar at a single time can be

estimatedusing the followirg equation
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Doppler Velocity Doppler Reflectity
Station ID: KGRK Scan Angle: 0.48 Date: 201510301805 Station ID: KGRK Scan Angle: 0.28 Date: 201510301805
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8 48
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180° 8
-40
Doppler Velocity Super-Observations KGRK Doppler Velocity Super-Observations KGRK
Ar: 5000-m, A#: 5.0 deg. Ar: 3000-m,  A#: 3.0 deg,
At: +/-30.0 min, N: 50 At: +/-7.5 min, N:20
40 40
C) 900 d) 90°
32 32
24 24
16 16
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~32 =32
270° 270*
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Fig. 9. (a) Levelll radial wind observations before (c) and after stqd#servation processing using the
default supeobservation settings (d) and experimental sugiervation settings for the radial windsie
associated radar reflectivity for ~1800 UTC 30 October 28%&own in (b) for reference.

X

Maxi npuors si bl e n mrh%@@A@%ol'sA ¥ Tewadg.
For the default supeobservationsettings there could beup to 28,800 super
observations per radar an@ t0158,400 with the modified experimental values. The
actual number of supabservations will generally be much lower because
observations will exist in only a fraction of the total radar voluRog. example, tl
superobservation counts that correspond to the Fort Hood, Texas radar (KGRK) for

the convective period 1800 UTC on 30 October 2015 showigirfa are 8,000 and
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25,000 supeobservations for the default and modified supleservation settings
respectively.

In addition to visualizing how modifying the supa&vservation parameters will
change the spatial and temporal geometry of the salervationbox, it is also
important to understand how this will affect the processing of the underlying data. A
rough estimation of the maximum number of radial wind observatirsy( that can

be contained within a single supavservation box can be obtained by:

& ® &8/
mX1 A 250m 5mi n

M
assuming the radial wind observation spatial resolution of 1° xn258 temporal
resolution of 5min, and only one scan per elevation angle. The maximum number of
observations per supebservationbox can only be estimated due to a few factors:

1. The actual beam width may differ slightly from the assumed@ti% could
increase or decrease the number of observations.

2. During severe weather events, when more aggressive volume coverage
patterns may besed, there could be more than one scan at the same tilt.
This will increase the number of observations.

3. The 0.25°supeo b s er vat i on®) mayincludedatg fiom two ae
elevations possibly increasing the number of observations.

4. When the radar mode ahges, scan times may not ben, which could
increase or decrease the number of observations.

The estimated number of observations per sopservation box are 1200 and 108 for

the specified parameters ihable 4 for the default and modified configurations

respectively
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Fig. 10a, b depicts the distoutions of the number of observations per super
observation box for a single time and radar that corresponds Witp 9c, d
respectively. The default nfiguration shows a bimodal distribution with a peak near
zero and a peak around 6300 observationsbut showsthat few of the super
observations wergenerated at or near the maximum possible number of radial winds
in a supetobservation boxNImay. The features represented by radial winds evolve at
subhourly intervals which may partially explain the large difference in the actual and
estimated number of observations per stgqiExervation boxXThe default time window
for assimilatingadial windsis one hour (+/30 minute}, but there is no guarantee that
those features will exist in or totally encompass a sopservation box during that
entire period. For example, a swmdrservation box may be located near a storm
boundary and may include obseiiwas from only a few minutes. Observation quality

control may also play a role by discarding observations of poor quality
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Number of Radial Wind Observations Per Super—Observatlon Box (M)
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Fig. 10. Distribution of the number of radial wind observation per sgbservation box (M) for aingle time
and radar that corresponds with Fig. 9c,d histogram a, b respectively. Additional information appears in
the annotation box which includes the estimatedimum value for M, the total number of super
observations boxes for one radar, the number of salgsarvation that would be assimilatéd ( O), tine
count of supepbservations that do not meet the requirement of N but have at least ond! béeselrvaion,
the count of supeobservation boxes with 0 radial wind observations, and finally the maximum and mini

values for M for this case.

Number of raw obs per SO box
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The large time window for aggregation has the potential to smooth out
convectivescale features of interest asythe/olve on relatively short time scald&y
reducing the time window of observations to 15 minutes{-& minutes)the super
observations should be more representative of the analysis time, and we see a peak in
Fig. 10b at 100120 observations corresponding to the estimated max number of

observations of 108 for the given settings.

2.2.4 Experimental Design

To test the impact of adding vertical velocity the radial wind observation
operator and the associated sensitivities with sapeervation parameters refined to
retain more detail, a control simulation and four experiments were initiadiZ2@D0
UTC 30 October 2015 on thekKsn CONUS nest gridTable2). The modified super
observation parameter values were chosen based on limited, prefingsang that
showed improved wind analyses balanced with considerations towarddathe
assimilationsystemmemorylimitations?

1. control: configured to match the operational NAMv4 with the exception of
refined radial wind quality control discussed imppi et al. (2016)which
eliminated the quality check against Velocity Azimuth Display (VAD) winds.
The VAD winds are radaspecific wind profiles derived from the radial wind
field and are based on a linearized wind model (Holleman et al. 2005). The

procadure of the VAD quality control is to compare the radial wind super

® There are specific run time and disk space limitations that must be considered for implementing a
system in operations. In this example we must exercise caution assimilating raw, unprocessed
observations whichan exceed the available memory on compute nodes. Thinning observations and
creating supeobservations helps eliminate this issue while also addressing other scientific concerns,
such as representativeness.
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obsevationsto the VAD derived winds. Only observations that agree with the
VAD winds within a predetermined tolerance are accepted. This has the impact
of retaining only those winds thalign with the largescale flow derived from

the VAD wind profile and discards the winds representative of the convective
scale. Since this study focuses on the assimilation of radial wind observations
associated with a convective system the VAD qualitytrol step was removed

in this work (Lippi et al., 2016).

w_incl: as in control but includew in the observation operator and as an
analysis variable.

. W_so_elevbas inw_incl but uses refined supebservation (so) parameters to
retain more detail ankkeps the maximum elevation angle at 5° (elevb).

. W_so_elevl0as in w_so_elev5 but raises the maximum elevation angle to 10°
(elev10).

. so_elevlfas in w_so_elevl10 butis notusedin the observation operator.
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Table5. List of NAMv4 radial wind data assimilation experiments and the configurations for the super
observation settings as well as if vertical velocity is used in the observation operator and as a control V
Eachsuperobservatiorp ar a me t ®,r afripe aset B has a distinct impact on the resulting super
observation box si2g amdtéemecamidr slpatlee waeiddt he,
observation box azimuthally, in elevation, and along the beampre ct i vel y. @&t i s t
to include observations. N is the minimum number of observations that must exist within the super
observation box defined in space and time in order for a sgE@rvation to be calculated. FinaRymaxis the
maximum allowable radar elevation angle, i.e. an observation is discarded if it exceeds this value.

One-

Azimuth EI:\r/]a'?;n Gate half Minimum eltle\cz)t(ion
Exp w range rang e spacing time number of andle
(degrees) 9 (meters) range samples 9
(degrees) (hours) (degrees)
%) a8 I V< 4 Onde
control No 5 0.25 5000 +/- 0.500 50 5
w_incl Yes 5 0.25 5000 +/- 0.500 50 5
w_so_elev5  Yes 3 0.25 3000 +/-0.125 20 5
w_so_elevl0 Yes 3 0.25 3000 +/-0.125 20 10
so_elev10 No 3 0.25 3000 +/- 0.125 20 10

2.2.5 Verification

Frequency biasFBIAS) and the fraction skill score (FSSyere used to

objectively evaluate forecasts of accumulated precipitation. The verification was

computed on a common;Kin grid that encompassed the area of focudle case

study Fig. 5; gray shaded). A description for each of the statistical methods follows.

FBIASi s used to determiné bf tbhe fiwreodoasas
calculated in the following manner
hi+#fsal se al ar ms
FBI AS— - (58)
hi#nmsi sses
Stated more simply, FBI AS i s the ratio of

FBIAS greater than 1 (less thdr indicatesmore (fewe) points predicting a given

threshold compared to observations, i.evehbias (ry bias).
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Observed

Yes No
5 Yes hit falsealarm
S
o
L
No miss correct rejection

Fig. 11 2x2 coningency table which shows the relationship between events for a dichotonnificati@n
situation(Wilks 2011)

The FSS is a neighborhood verification approach which relaxes the requirement
for forecast and observed events to matchcty at the grid scale. Instead, the
fractional coverage of predicted and observed-gaht events above a specified
threshold are compared over a range of increasing spatial wir{mlerts and Lean
2008) Thus, FSS reveals how well the forecast resembles the observations at a given

spatial scaleThe FSS is computed in the following manner

1
BN Pr-Po ? FBS
1 1

(59
FSS -=

%Bpr2+BNpg F Buor st

where N is the number of grjgbints catained within the neighborhood aréa:is the
fractional coverage of forecast events that exceed-dgisgmined threshold; amd

is the fractional coverage of observed events that exceed the thrd3teldactional
values { and0 ) are what is computed at the increasingly large spatial winddves.
FSS is thus the ratio between the fractional Brier s@€B&; Roberts 2005; related to
the difference between the fractional ecage of predicted and observed events that
exceed the thresholdnd the worst possible FEBEBSworst; Roberts 2005; related to

the summation of the total number of forecast and observed fractions that exceed the
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threshold) The FSS ranges from 0 to 1 where 0 would be a complete mismatch and 1
would be a perfeanhatch of forecast events to observed events.

All statistics were aggregated irh®urly periods for accumulated precipitation
out to 18hours for the 0900, 1200, 1500, and 180TC forecast cycles 080 October
2015; the 2hourly cycles are used to acconuate the shour buckets of the
precipitation observations. A bootstrapping technique, using 2000 replications, was

used to test for statistical significance at the 90% confidence level.

2.2.6 Case Study Overview

Retrospective forecasts during the conveii\active period of 331 October
2015 in the southern plains were made to evaluate the impact of the modifications to
the radial wind observation operator as well as the modifications to the- super
observation parameters. This cases chosebecause itansists of a fairly diverse set
of forcing mechanisms including an uppevel shortwave trough, cold front,
interaction between the lolevel jet (LLJ) and a warm front, and a grental
confluence zone. Additionally, this case exhibited heavy pretgitaflooding,
damaging winds, and several tornadoes. More than one foot of rain fell in lessthan 24
hours between Austin and San Antonio, Texas.(12), which caused extensive
flooding throughout that region. Another line of heavy precipitation occurred later in
the period near Houston, Texas. Several tornadoes rated betw®eangFEF2 were

reportedn these two regions=(g. 13).
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Obs 24-hr Total Precipitation
20151030 1200Z Valid 20151031 1200Z
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Fig. 12. NCEP stage IV observed total-Bdur precipitation (inches) valid 31 October 2015 1200Z (Lin an
Mitchell 2005).

Storm Prediction Center Storm Reports
1200 UTC Oct 30 2015 1200 UTC Oct 31, 2015
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Fig. 13. Tornado reports for 1200 UTC 30 October 2015 to 1200 UTC 31 October 2015 from the Storm
Prediction Center from the Austin, Texas and Houston Texas areas. All times are in UTC. [Data availal
onlineat: http://www.spc.noaa.gov/exparchive/event.php?date=20151030]
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2.3 Results

2.3.1 Data Assimilation System Hib-Observations

The analysis impact of the modified observation operamat refined super
observation processingan be diagnosed bgomparing the observatiominus
backgound ©OmB) and observatiominusanalysis (OmA) residuals between
experiments. Three statistics from thetétobservations will be analyzed: observation
counts, root mean square (RMBjovation,and bias.

There are two factors that affect the obseoratcounts: evergpecific
observation availability and experimenggecific factors which includes the pre
processing of the observations via tunable sopservation parameters. The increase
in observation counts from 0900 UTEiq. 14a) through 1800 UTCHig. 14d) is the
result of storms developingithin the CONUS domain, and thucreasing the number
of scattering particle®r the radar(s)Additionally, superobservation processirayer
smaller spatial and temporal box sizes results in a larger number of total super
observations. For example, ttentrol andv_incl assimilate the same number of super
observations (e.gkig. 14d red line vs. black line) since there is no change to the-super
observation parameters. There are more sapservations in w_so_elev5 due to the
reduction in supeobservation box sizes, thus allowing for mergerobservation
boxes (e.g.Fig. 10). By raising the elevation angle from 5° to 10° in experiments
w_so_elev10 and so_elev10, there is an additional increase in the observation counts.
The twoelev_10experiments (e.gFig. 14d blue line vs. purple line) assimilate the
same number of supebservations since the only difference between those

experiments is related to the observation operator.
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A direct comparison of RMS anbias values cannot be made between
experiments with differing sup@bservations parameters due to sensitivities related to
changing the underlying characteristics of duperobservationghemselves, e.g.,
differing sample sizes as noted in the prior paragr&pon example, changing the
degree of supenbservation processing, by changing the spatial box size and time
window length, will change the statistics within the ewpbservation box (e.g.,
variance)This effect is then compounded from the use of data assimilation cycling and
complicates the ability to interpret the results between experiments using differing
superobservation parameter settings. Therefore, onlydarmparisons will be made,
both of which only consider the effects of including vertical velocity in the observation
operator: control vav_incland so_elev10 vs. w_so_elev10.

There is an overall neutral impact on BenB/OmA RMS Fig. 15) and bias
(Fig. 16) as a result of extending the forward operatoncludew. The OmB RMS
and bias for experiment w_so_elevi® {ncl) have little to no differences compared
to the counterpart experiment so_elev10 (the control). Based on this limited data set,
there is no consistent improvement or degradation in M& Bnd bias of the fito-
observations for differences as a result of the improved observation operator. In
general, th©mBRMS/bias values are larger than their corresponding OmA RMS/bias

for each experiment, which is expected.
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a) CONUS Radar winds OmB OmaA statistics: COUNT b) CONUS Radar winds OmB OmA statistics: COUNT
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Fig. 14. Counts from the observation minus backgrou@rhB; circles/solid line) and observation minus
analysis (OmA,; triangles/dashed lines) statistics files over entire CONUS nest domain for the forecast
a) 0900 UTC b) 1200 UTC cpDO UTC d) 1800 UTC 30 October 2015. The individual circle/triangle
markers along the-axis denote the aggregate values for the total CONUS atmosphere. N@mBrend
OmA observation counts are nearly identical and therefore the lines overlap stificidre
indistinguishable
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a) CONUS Radar winds OmB OmA statistics: RMS b) CONUS Radar winds OmB OmA statistics: RMS
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Fig. 15. Root mearsquae (RMS) error from the GSI observation minus backgro@m; circles/solid line)
and observation minus analysis (OmA,; triangles/dashed lines) statistics filentiveiCONUS nest domain
for the forecast cycles a) 0000 UTC b) 0600 UTC c¢) 1200 UTC d) 1800 UTC 30 October 2015. The
individual circle/triangle markers along theaxis denote the aggregate values for the total CONUS

atmosphere.
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a) CONUS Radar winds OmB OmA statistics: BIAS b) CONUS Radar winds OmB OmaA statistics: BIAS
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Fig. 16. Bias from the GSI observation minus backgrou@g; circles/solid line) and observation minus
analysis (OmA,; triangles/dashed lines) statistics files over entire CONUS nest domain for the forecast
a) 0000 UTC b) 0600 UTC c) 1200 UTE IB00 UTC 30 October 2015. The individual circle/triangle
markers along the-axis denote the aggregate values for the total CONUS atmosphere.

2.3.2 Forecast Assessment

To assess the impaat® the resulting forecastsve begin with a qualitative
comparison of forecasts of accumulated precipitation from the 1200 UTC initialization
time on 30 October 2015-ig. 17). This is followed by arassessment of FSS and
FBIAS scores from forecasts initialized at 0900, 1200, 1500, and 1800 UTC on 30
October 2015Kig. 18 andFig. 19). Each experiment (refer ftable2) was tested for
statistical significance at the 90% level ing bootstrap confidence intervals
constructed from 2000 replications on the difference curves computed relative to the

control simulation Statistical significance is found where the confidence intervals do
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not encompass pe Statistics are considered only over the approximate region that
experenced heavy rainfall, which is a broatka coveng the southern CONUS-(g.
5; gray shaded)Further, FSS statistics are summarized across several thresholds and

box sizes via the use of a-salled scorecardg. 20).

95



€0ISTOZ
814 38 4dD JH 8T LSANSNNOD |Pul M

Z0090 TEOTSTOZ PlIBA 319A3 ZOOZT 0E0TISTOZ
814 1€ 440 JH 8T LSINSNNOD |043u0)

=

Z0090 TEOTSTOZ PlIBA 319A3 Z00ZT 0£0TS

8Td 1€ 4dD 4H 8T LSINSNNOD SASJ3 0™ M

it
=3

uonejididald |e3ol Jy-8T Sq0

Fig. 17. 18-hour accumulated precipitation for the period 1200 UTC 30 October 2015 through 0600 UT(

,(d

and (f) so_elev10. The white dot (30.27 N, 97.74 W) denotes the location

Austin, Texas and the white dot (29.76 N, 95.37 W) denotes the location of Houston, Texas. The black

contour denotes the area of 3 in.

w_incl

October 2015. The observations are displayed in (a) and the experiments are (b) control, (c)

w_so_elevs

, () w_so_el&,
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The control Fig. 17b) simulated a much larger areavefry heavy precipitation
located near central Texasasnpared to observationsig. 17a) and compared to the
experiments with modified supebservation parametergFig. 17d, e, and f
respectively). The changes in the coverage of the heavy precipitation can be noted by
the 3 in. contourKig. 17 bold black line). Theoverpredictionof the precipitation is
reduced in this area when the supbservation parameters were adjusted, suggesting
some sensitivity to the supebservation processinghereappears to bgualitatively
little-to-no impact nade when vertical velocity was included in the observation
operatorwhen comparing against the contrekperimentv_incl; Fig. 17b). The FS
(Fig. 18) and FBIAS (Fig. 19a) difference scores supporigimostly neutral change as
the control (black) and w_incl (red) limeare consistently very similar among all
metrics and thresholdsvith the exception of FBIASegradatiorat 0.10and 0.25n.
and an improvement at 1.00 in. The scored#id. 20) shovs that the difference
between w_incl and the control is slightly degraded for the lower thresholds (e.g., 0.01,
0.05, and 0.1(n.) at all box sizes and slightly improved for the higlneesholds (e.g.,

0.50 and 1.00 in.).
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Aggregated Accumulated Precip. Initialized 09, 12, 15, and 18Z 30 Oct. 2015, 18h Forecasts
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Fig. 18. Fractions skill score (FSS) differences from control foo8r precipitation forecasts out
to 18hours aggregated fromt®urly forecasts initialized beginning at 0900, 1200, 150,
1800 UTC 30 October 2015.

There was a slightly more distinct impact in w_so_elékty. 17d), as
compared to the control and the w_incl experimente&xperiment w_so_elevs, the

spatial coverage of the wet bias of the precipitation bullseye near Austin, Viagas

reduced While the wet bias in this region was reduced, the placement of precipitation

was slightly eastward of the observed location. Theso elev5 FSSHg. 18)

difference scores show similar but larger impacts to that of experiment w_incl. Slight

degradation (improvement) is found for the lower (higher) threshold$:B&S (Fig.

19a) there is degradation at thresholds 0.01 and 0.05 in., i.e., increasing the wet bias of

control Fig. 19b), and a trendoward improvements at thresholds 0.50 and 1.00 in.

The scorecardHig. 20) shows w_so_elev5 tmave a similar pattern to w_incl, but there
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is less degradation at the low thresholds and stronger improvements at higher
thresholds. There is an overall slight improvement for all box sizes and all thresholds

as compared to w_incl.
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Aggregated Accumulated Precip. Initialized 09, 12, 15, and 18Z 30 Oct. 2015, 18h Forecasts
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The w_so_elevl0 and so_elevl0 experimehtg. (17e and f respectively)
having similar forecast$urther reduce spatial coverage of recipitation bullseye
as compared to w_so_elev5. TélevlOexperimentsappear tchavethe subjectively
better overall forecasts as the broad wet bias in the central part of Bgyesars
improved and more closely reflects the extent and magnitude isemvseérvations.
While both experimentstill miss the heavy rain in southeast Tegatending over the
Gulf, theydo reflect heavy precipitation in the regiassociated with rotating storms
that occurred later in the period (discussed in Section 3h#ke the control and
w_incl. The FSS statistidg-ig. 18) confim thepositive forecast impact &25 and
0.50 in. but slight degradation at 1.00 the FBIAS statistics Fig. 19a) show a
reduction in wet bias for the 0.50 and 1.00 in. thresholdsn Fhis set of experiments,
there is not a clear signal that suggests theluding vertical velocity provide a
statistcally significantadvantageThe largest improvements may be attributed to the
enhanced sup@bservation settings with raised elevation angles, in the margins of
statistical significance.

The experiments with modifieduperobservation parametetendedto have
the greatest positive impact on the forec@ibe extension of vertical velocity to the
observation operatavas found to have mostly neutral impacts in combination with the
modified supeiobservation parametersFig. 20). The three superobservation
experimentsxhibited heavy precipitation located near Houston, Telkas 17d, e,
andf) with increasing magnitudeshen higher elevation angles were includEuis is
an important distinction becauskere was a marked increase in simulated storm

rotation correlating to the locationstofnadoreports.

101



Fraction Skill Score Differences (Experiment minus Control)

Accumulated Precip. Initialized 09-18Z 30 Oct. 2015, 18h Forecasts
21.00| 0.001 | 0.001 | 0.002 | 0.002 | 0.003 | 0.003 | 0.003 | 0.003 | 0.003 | 0.003
20.50| 0.003 | 0.003 | 0.003 | 0.003 | 0.003 | 0.002 | 0.002 | 0.002 | 0.001 | 0.001
z0.25| 0001 | 0.001 | 0.001 | 0.001 | 0.000 | 0.000 | 0.000 | -0.001 | -0.001 | -0.002
#0,10| -0.001 | -0.001 | -0.001 | -0.001 | -0.001 | -0.001 | -0.001 | -0.001 | -0.001 | -0.001
z0.05| -0.001 | -0.001 | -0.001 | -0.001 | -0.001 | -0.001 | -0.001 | -0.001 | -0.001 | -0.001
20.01| -0.001 | -0.002 | -0.002 | -0.002 | -0.002 | -0.002 | -0.002 | -0.002 | -0.002 | -0.002

#1.00| 0.000 | 0.001 | 0.001 | 0002 | 0.003 | 0.004 | 0.004 | 0.005 | 0.006 | 0.007

z0.50| 0.000 | 0.000 | 0.001 | 0.0O2 | 0.003 | 0.004 | 0.005 | 0.006 | 0.007 | 0.008 95% sig

20.25| 0.008 | 0.008 | 0.008 | 0.OO7 | 0.007 | 0.006 | 0.006 | 0.005 | 0.005 | 0.004 90% sig
~. 20.10] 0.002 | 0,002 | 0.001 | 0001 | 0.000 | 0.000 | 0.000 | -0.001 | -0.001 | -0.002 improvement
é =0.05] 0.000 | 0.000 | 0.000 | 0.000 | -0.001 | -0.001 | -0.001 | -0.001 | -0.001 | -0.002 neutra
= z0.01| 0.000 | 0.000 | 0.000 | 0.000 | -0001 | -0.001 | -0.001 | -0.001 | -0.001 | -0.001 degradation
E #1.00] -0.006 | -0.006 | -0.005 | -0.005 | -0.005 | -0.004 | -0.004 | -0.003 | -0.003 | -0.002 90% sig
@ 20.50| 0.002 | 0.002 | 0.002 | 0.OO3 | 0.003 | 0.004 | 0.005 | 0.005 | 0.006 | 0.006 95% sig
'ﬁ z0.25| 0.013 | 0.013 | 0.014 | 0.014 | 0.014 | 0.014 | 0.014 | 0.014 | 0.014 | 0.014

z0.10| 0.002 | 0.002 | 0.002 | 0.001 | 0.001 | 0.001 | 0.001 | 0.001 | O.000 | 0.000
=0.05| 0.004 | 0.004 | 0.004 | 0.O04 | 0.004 | 0.004 | 0.004 | 0.003 | 0.003 | 0.003
=0.01] 0.000 | 0.000 | 0.000 | -0.001 | -0.001 | -0.001 | -0.001 | -0.002 | -0.002 | -0.002
=1.00] -0.006 | -0.005 | -0.004 | -0.004 | -0.004 | -0.003 | -0.003 | -0.003 | -0.002 | -0.001
z0.50| 0.008 | 0.009 | 0.010 | D012 | 0.013 | 0.014 | 0.016 | 0.017 | O.018 | 0.019
z0.25| 0.014 | 0.015 | 0.016 | 0.016 | 0.017 | 0.017 | 0.017 | 0.017 | 0.017 | 0.016
=0.10| 0.004 | 0.004 | 0.003 | 0003 | 0.003 | 0.003 | 0.003 | 0.003 | 0.003 | 0.002
z0.05| 0.004 | 0.004 | 0.003 | 0003 | 0.003 | 0.003 | 0.003 | 0.003 | 0.002 | D.002

=0.01| 0.001 | 0001 | 0001 | 0001 | 0001 | 0.000 | 0.000 | 0.000 ( 0.OOO | -0.001
100 20 30 40 50 6 70 80 90 100
Box size (km)

Fig. 20. Fraction skill score (FSScorecardor the differencedetween the control and each experiment fo
various accmulated precipitation thresholds and box sizes. Improvements and degradations are show
rounded to three decimal places, with the corresponding statistical significance at the 90% and 95%
confidence intervals.

2.3.3 Houston, Texas Regi®recipitation

Here we discuss the aspects of the experimental configurations that led to the

differences in precipitation forecasts along the Texas Gulf Coast and into Houston,

Texasand use tornado reports as a proxy for storms with rotating updrafts

Fig. 13 notes the time and date of each tornado report for the 1200 UTC 30

October 2015 to 1159 UTC 31 October forecast period; the earliest tornadoimeport

the Houston, Texas region occurred after 090CWDn 31 October 2015. According to

observed radar reflectivity, the storms associated with the tornado reports in the
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Houston area initiated just off the coast

Odadober 2015. The storms traveled northeastward into the Houston area where several
tornadoes occurred. This discussion will focus on the 1200 UTC initialized forecast

performance with a focus on the updraft helicity forecasts near Houston, Texas.

151023170500 MLCAPE k4 and Effectlwve Bulk Shear kKt

t least dest th fi le of
tnma&egaa?]dad'g?l?n wrﬁla&wa[l%;;?s e ight

SPC HCD #1905

b) Obs Column Max Reflectivity
20151031 0500Z

Fig. 21. Storm prediction center mesoscale analysis for 0500 UTC 31 October 2015[Availabl
onlineat: http://www.spc.noaa.gov/exper/archive/event.php?date=20154680mpanied by

observed reflectivity valid at the same time.
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The 1200 UTC initiakedsuperobservation experimentsspecially so_elev10
and w_so_elevl0 all predicted heavy precipitation along the Texas Gulf Coast
beginning near Port O6Connor, Texas and ex
This is a major difference between thesg@eriments and the nauperobservation
experimentsas the norsuperobservation experimenisere not able to capture the
initiation and life cycle of the storms associated with the warm frontal boy (figr
21a) andow-level jet. As it was noted before, the storms in this region initiated around
0300 UTC 31 October 2015 while thaperobservation experimentsnded to have a
much earlier initiatia of several hours (e.g., 6+ hours) prior to verificatidmeelev10
experimens clearly predicted strong, rotating stornksg 22c, d, e, andf) to occur in
the location that was being monitored by the Storm Prediction Céfter2da) and
more closely corresponds tiee locatiors of the observed tornado reporisd. 13) in
the Houston, Texas ares well as with obseed radareflectivity (Fig. 22h). The
control run predicted storms from 1900 UTC to 0000 UTC on tF¢Mg. 22a, b) that
were associated with interaction with the warm front. Those storms were less organized
and less persistent as compared to thedified superobservation pameter
experiments

The forecasts are clearly sensitive to the sabservation parametershe
superobservatiorsettings were modified to average observations over a smaller spatial
box and temporal window; therefore, there were fewer observationsuper s
observation box and thus lasser degree of smoothing tife observations. By
smoothing over smaller spatial and temporal windows, tvaissa greatedensityof

total supetobservations assimilataghereeachwas more representative of the raw
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form of the observation®ccurring at the time of assimilatiohe demonstrated
sensitivityindicates that theperationakuperobservation settings.€., those used in

the control) smoots the observations to a greater degree than necessary and discards
potentially useful information. Averaging over a long time period may also have the
undesirable impact of dampening significant conveesiv@e motions, e.g., situations
when the observations change rapidly at-Babrly time intervals. The modified
configuration used within this study, howevenay not necessarilype the optimal
configuration for thes@arametersut identifies sensitivities that result in potential
forecast improvement thus forming a foundation for continued development toward

improving theassimilation of these data.

2.3.4 Forecast Sensitivity to Background Error Covariance Length Scales

The three experiments that feature vertical velocity in the observation operator:
w_incl, w_so_elev5, and w_so_elev10 were also run with the same gloishicb
background error covariance On® s? but different horizontal and vertical length
scale: 10ekm and 1grid units respectively. These values correspond to default values
that may be used by the GSI. The forecast impacts were also assessed for this new set
of experiments using the 4®ur totd accumulated precipitation plot from the 1200
UTC cycle and the corresponding FSS stats summarized by a scorecard for multiple
thresholds and box sizes (not shown). The experiments that featured vertical velocity
in the observation operator and as an ymial control variable were rerun to
demonstrate that there is a forecast sensitivity to these parameters despite that the fact
that vertical velocity is a diagnostic variable in the NMMB. Future research should

consider generating new background statistie®n considering analyzing vertical
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velocity and that the results of this study are not conclusive to the importance or lack
thereof of including vertical velocity. There was consistency in results that modifying

the supeiobservation parameters improvib@ results.
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Fig. 22 The 1200 UTC initialized, 2hour maximum updraft helicity (UH: masked below 503n#nd radar
reflectivity (masked below 35 dBZ) valid at 1200 UTC 31 October 2015 for (a,b) control, (c,d) w_so_elé
and(e,f) so_elev10 respectively. For reference, the max radar reflectivity for the (g) convectively activel
regions during thé hourdata assimilation period (0600 UTC to 1200 UTC), and (h) tHede4 forecast
period are also shown. The updraft helicityttissboxed corresponds to the storms that developed at the
intersection of the LLJ and warm front boundariie updraft helicity that is boxed corresponds to the stor
that developed at the intersection of the LLJ and warm front bounféigry20a) and the storms which
produced tornadoes (tornado reports: red dots on (a), (c), and (e)).
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2.4 Summary and Conclusions

The radial windobservationoperator in the GSI was ®nded to include
vertical velocityand testing associated with the refinement of the radial wind-super
observation processing was performed in a single case. Sta@yaluatethe impacts
of this extension, experimental configurations using an hourlyigumation of the
NAMv4 data assimilatioand model framework was used beginning at 0000 UTC 30
October and ran through 0000 UTC 31 October 2015dateeassimilatioconsists of
a hybrid 3DEnVardata assimilationsystem which uses the hydrostatic GDAS
enemble Kalman filte{~35-km) for the ensemble contribution. The NAMv4 was run
using a 1Z&m parent domain andkn CONUS nest domain with the verification run
on a 5km grid.

The experiments started with the control which mimics the operational
configuration with relaxed quality control parameters for the radial wind observations.
Incremental modifications to the experimental setup followgdadding vertical
velocity to the forward operator, adjusting some of the sapservation parameters,
and finally, adjusting the maximum elevation angle to 10°. The experiments were
evaluated using objective analyses of accumulated precipitation usaggpeeal and
neighborhood verification metrics aggregated 18-hour forecastover the 0900,
1200, 1500, and 1800 UTC 30 October 2015 forecast cycles to accommodate the 3
hour precipitation observation buckefsconstant value of 0.@? s? was used fothe
background error covariance for vertical velocityla horizontahnd verticakcale of

influence of27-km and 10grid units respectively in the main set of experiments. These
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values were chosen based on preliminary testing and tuning; howeveg, titdres
should generate a new background error covariance which includes vertical velocity.

The fit-to-observations were used to assess the intpdhe data assimilation
system between experiments with differences only related to the radial wind
obsenation operator. For example, the RNi$ovation from the GSI observation
minus background and analysisr the control was compared witWw_incl and
experiment so_elevl0 was compared with w_so_elev10. The RMS scores showed a
neutral impact on the analysisrfincluding vertical velocity in the observation
operator.

Quantitative results fahe elev10experimens showedslightimprovements in
the FSS of box size 6@8m for accumulated precipitatioat the 0.25 and 0.50 in.
thresholdgFig. 18) andin frequency bias at th@50and 1.00n. thresholdgFig. 19).
There was a slight degradation in the lower FBIAS thresh@dsummary of FSS
statistics across a variety of thresholds and scatrealso presented in a scorecard
(Fig. 20). Results from the scorecard demonstrated that the strongest sensitivity was to
the supeiobsrvation parameters where those experiments mostly demonstrated some
(slight) improvement relative to the control. No results showatistal significance.

Because the model is mditectly forced by the analysis of vertical velocity, the
results from these experiments can be attributed to two factors: 1) reducing the error
associated with the original Doppler radar radial wind forwapearator via the
inclusion of vertical velocity and 2) refining the supdrservation parameters and

adjusting the max elevation angle. The most impacthainges resulting in forecast
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improvement were associated withe refined sperobservation procedue in
conjunction with thedjustment to the max elevation angle

TheelevlOexperiments (w_so_elev10 and so_elev10) predicted a band of high
precipitation accumulations along the Texas Gulf Coast that was not present in the
control orw_incl experiment. Ris band of heavy precipitation corresponds to a
simulated storm(s) with rotating updrafts. These model simulated storms matched
closer to the location of observed tornado reports and hence storms with rotating
updrafts but still displaced ~@Q&km to the vest.

There issupporthat theelevl0experiments showed the greatest improvements
to the forecast of accumulated precipitatibig(20) and demonstratiea more accurate
forecast of updraft helicity swatliBig. 22) corresponding to tornado repofisg. 13).

These findings suggest that convecthoale model foreasts are sensitive to the
methods and settings for assimilating radial winds.

Testing in an ideal framework revealed that errorsptarl m/s could be
expected for elevation angles around 10 degrees and vertical motions of Figm/s (
6). However, the results of this study appeant@dictory; the impact of adding vertical
velocity to the forward operator was effectively negligible. This result is likely due to
several factors which limits the generality of the findings. Such limiting factors likely
include: the lack of a convectiseale ensemble in the hybrid 3DEnVar algorithm, the
treatment of vertical velocity as a sink term in the analysis, limitations to a single case,
and frequency of assimilation of radial wind observations.

A second set of experiments that featured vertieddcity in the observation

operator and as a control variable were run using the same background error covariance
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but ahorizontaland verticakcale of influence af00-km and 1 grid units respectively.
This additional set of experiments showed mixediltesand that the tuning of the
background error covariance statistics plays a crucial role in obtaining positive forecast
impacts even while using a ndwydrostatic model without a fully prognostic term for
vertical velocity.

The results of this worlireto be considered dist steps towards refining and
improving the use of these abundant, conveetnede dataThere are additional areas
of convectivescaledata assimilatiomo be explored in an operational context, such as
the use of a convectivecak ensemble and moreimpactful use of the analysis of
vertical velocityinstead of limiting it tca sink term in the observation operator. These
experiments also only featured hourly data assimilation updates while trying to
characterize features that éx®on subhourly timescales.iRally, future work toward

expanding these tests to additional cases will likely yield more conclusive results.
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Chap3tlempacts of Doppler Radi al W
GFS with a Gl obal Ob s eperiinmge n}y s

(Lippi et al. 2022 in prep.)

3.1 Introduction and Background

More than 800Doppler radars are registered in the World Meteorological
Organi zationos wor |l d radar dat abase

https://wrd.mgm.gov.tr/Home/Wtohowever noradial wind data iassimilated within

the National Centers for Environment al Pre
(GFS).The assimilation of radial windsasbeen proven to be beneficial for improving

the skill of regional, convectiepermittingNWP model forecastéGao and Stensrud
2014; Gao et al. 2004phnson et al. 2015; Lippi et al. 2019; Xiao et al. 20066) the

value of their assimilation is not well known for global modeling sys{&us 2005h)

Radial winds, which are highly dense and frequent 3D observadiongot typically
assimilated in global mode(s.g., the NCEP GFS; Kleist et al. 2009l to the large
mismatch between the spatiotemporal resolution of the observations andgiodiabf
modeling systemsUntil recently it has been impractical to ruglobal systems at
sufficiently high resolutionand with a fine enough update frequetaynake the best

use of radial windsTherefore, the need to assimilate such observations has not
extendd beyond those limited area sgwstsfor which NWP centers employ high
resolution data assimilatioRurthermore, assimilation of radial winds has been limited

by the lack of a service to collect and distribute the global dataset of radar observations.

Unlike most other observing platforms, radial wind observations across the globe are
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not typically avdable for assimilation beyond the region from which they originate
with the exception of a few regional exchanges. For example, radar information is
coordinated among the weather services of European countries via the Operational
Program on the Exchangd Weather Radar Informatio(OPERA; Saltikoff et al.

2019) The U.S. also receives Canadianaradas well as radars from Puerto Rico, but

ultimately, there is no global exchange of this data.

Table6. Recent changes to the GFS
. . Number of
Year GFS Dynamic Core Horizontal Resolution Vertical DA
Version (control/ensemble) L
evels

Global Spectral Model T1534 (13km)/ Hybrid

2015 GFSvi3 (GSM) T574 (35km) 64 3DEnVar
‘oA LA LA Hybrid

2016 GFSv14 00 00 00 ADEnVar

Finite-Volume Cubed C768 (13km)/ LA A
2019 GRSVIS Sphere (FV3) C384 (25km) 00 00

The operational GFS hagecently undergone many upgrades that justify
exploring the impacts of assimilating radial wind observati@mne of the major
changes that are discussed are also summarizédbile 6. In 2015, the horizontal
resolution was increased to T1534 (-=Kif}) and T574 (~3%m) for the deterministic
GFS and ensemble Kalman Filter members, respec{idl{S 2014) This is a similar
grid-spacing to the 2Rm North American Mesoscale (NAM) forecast system, which
first began assimilating radial winda 2006. In 2016 the hybrid 3DEnValata
assimilation schemwas upgraded to aybrid 4DEnVaralgorithm; adding a temporal
component to the analygiKleist and Ide 2015a, 2015b; Lorenc 2003; Wang and Lei
2014; Wu et al. 2017)n 2019the GFS was upgraded to versid(Kleist et al. 2018;
NWS 2019)which included replacing the global spectral model with the- non

hydrostatic FiniteVolume CubeeSplrere (FV3) dynamical coréHarris et al. 2020;
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Harris and Lin 2013; Lin 2004; Putman and Lin 200The GFSv15 upgrade also
included the introduction of a more sophisticated microphysics parameterization which
expanded the number of prognostic cloud species fron{Zive and Carr 1997%p

five (Chen and Lin 2013; Zhou et al. 2019uring this implementation the
deterministic GFS was maintained at roughly the sameutesolbut on the cubed
sphere grid at C768 (~13n), with the ensemble resolution upgraded to C384 {~25
km).

These improvements in physics, ensemble resolution, and data assimilation
methods merit an evaluation of including highesolution sources of observational
data. Historicallyhigh spatiotemporal selution observations in global NWP has long
since been the primary domain of satellite radiaridesiever, while such observations
are dense in time and space, they do not match the capabilities of radar which is able
to observe fine scale structures wrms.

A major challenge that this work faces is the lack of routinely available Doppler
radial wind observations from the global network of radars; therefore, an observing
system simulation experiment (OSSE) methodology is adopted to assess the potential
impact of assimilating these observations in a controlled manner. In an OSSE,
prospective observations can be simulated from a nature run. For example, using the
geographical information in the world radar database, it is possible to create a simulated
version of the global radar network to test the potential usefulness of assimilating all
radar observations in the GFS.

Keeping in mind the limitations of an OSSE, the goal of this study is to lay the

groundwork for assimilating radial wind observations within the GFS by first assessing
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the impact of assimilating radial wind observations from a network that is accessible
today (i.e., the NEXRAD network). This framework is then extended to the potential
scenario of having access to all radial wind observations worldwide (i.e., the GLOBAL
network). Finally, a purely hypothetical scenario where the worldwide network was
designd with highly uniform spatial coverage (i.e., hypothetical network; HYPO for
short). This final experiment is designed to provide an upper limit on the impact, useful
for assessing the relative values of the real networks. In each of these experiments, onl
radial wind observations are assimilated to simplify and isolate the impact of such
observations.

In Section 3.2, the model and data assimilation systems are described along with
a description of the OSSE design. The results are presented in Sectiand3.3
conclusions with a short summary and discussion of future work is presented in Section

3.4.

3.2. Methods

3.2.1 Model and Data Assimilation Configuration

The GFSv1l5 was used as the basis for this study, allowing for some
modifications to conserve both computational resources and improve model stability.
For computational resources, the maximum forecast length was reduced from the
operational 38hour to 168hour (tweek) forecast. For stability, the model time step
was reduced (from 225s to 90s) to overcome imbalances associated with the
assimilation of highly dense simulated radial wind observations. The same time step

was used for all experiments; the lengime step (225s) was used only in the Nature
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run. No other modifications were made relative to the operational configuration of the
GFS. The system maintained the standalsb@érly data assimilation cycle using the
hybrid 4DEnVar framework issuinfore@asts four times per day #ite usual synoptic
times of0000, 0600, 1@0, and 1800 UTC respectively. Each experiment was cycled
over the iweek period.

The data assimilation experiments begin 6 hours into the nature run (after the
initial spin up period decribed in Section 3.2.2.3) and are performed using the Global
Data Assimilation System (GDAS) cycling algorithm atié Gridpoint Statistical
Interpolatiorsystem(GSl; Kleist et al. 2009b; Wu et al. 200Zhe GSl is a variatial
analysis system formulated in model grid space iandsedin many operational
applications at NCEP, such as thmrth American Mesoscale Forecasgstem
(Gustafsson et al. 2018; Rogers et al. 2017; Wu et al. 20E/ABlobal Forecast System
(Kleist et al. 2009h)the Rapid and HigResolution Rapid Refresh syste(B&njamin
et al. 2016; Dowk et al. 2022; James et al. 2022nd the Realime Mesoscale
Analysis systeniDe Pondeca et al. 2011)

The GSI is configured to be consistent with the GFSv15 which uses hybrid
4DEnVar(Kleist and Ide 2015a; Lorenc 2013; Wang et al. 2013; Wu et al. 201efe
the static covariance is implicitly blended with an ensemble covarigmoagh the
extended control variable methddorenc 2003; Wang 2010)An 80member
ensemble with dual resolution capabilities was u$€d@68 and C384 for the
deterministic and ensemble resoluti@spectively and updatedrom a serial square
root filter form of the EnKKWhitaker and Hamill 2002)The weighting between the

static and the flowdependent ensemble background error canae (BEC)s set to
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be 12.5% and 87% respectively.The static BEC is identical to that used in the
operationalGFSv15. The tangent linear normal mode const(aibNMC; Kleist et al.

2009a) implemented to help improve the balance of the initial conditions, is enabled
during the GSI minimization for each of the data assimilation experiments. All the
previously mentioned settings and parameters are consistent with the GSI configuration

for GFSv15.

3.2.2 Observing System Simulation Experiment (OSSES)

Because radial wind observations from the existing global network of radars is
not currently availabledr this study, an OSSE methodology was used. Furthermore,
the OSSE methodology also allows the possibility to test an idealized global network.
3.2.2.2 OSSE Design

The OSSE wasdesignedto invesigate the potential impact @fssimilating
radial wind obserationsfrom three configurations: the U.S. NEXRAD network, a
global radar network based upon the known worldwide distribution of radars, and a

hypothetical global radar networkig. 23).
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Radar Networks
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Fig. 23. Radar networks with 16Km radius circles including HYPO (purple), GLOBAL (red), and NEXRA
(blue). Note that the GLOBAL also includes all the NEXRAD radars.

For an OSSHEErrico and Privé 2018)areference stater nature ruris first
generatedby making a climatologically sound, freanning simulation using reliable
atmospheric model; theature runis consideredas a proxytruth againstwhich
subsequent assimilation experiments Wlverifiad (e.g., Tong and Xue 2005; Xue et
al. 2001) Simulated imperfectobservations from the observing systeare then
generatedrom the nature run using the radial wind obsergatioperator from the
assimilatiorand addingandom Gaussian, unbiasedors(e.g., Gao et al. 2004; Miller
and Sun 2003; Xu and Gong 2003hese observationare then usedh the data
assimilation experiments where the impact of #imulated observations on the
analyses and forecasteeassessed

For simplicity, the same model is used for both the nature run and the
experiments. While there are certain limitations to consider while using this identical

twin approach, it is not uncommon pract{esy., Gao et al. 2004; Tong and Xue 2005;
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Xue et al. 2006; Xue et al. 200ahd can be useful if results areerpreted with the
correct perspective. Therefore, one should consider the results from such an idealized

design -aasa Bbesfri oo and a demonstration

radar list
(NEXRAD)
& Initial Conditions Matuze, Run
‘7 GFS atmosphere ‘ spin up cycle ‘ 14 day free forecast drwsim radar list
( > 288hr fest | warm start forecast > C768 -{> convert model out to or (GLOBAL)
e ) C768 hourly output observations + error
[ GFS surface ‘
radar list
\ Control (HYPO-230)
Initial Conditions
‘ ~ atmosphere ‘ spin up cycle warm start forecast | 7 day free forecast
from mem080 Lo 288hr fest | no data assimilation >
s 2 C768 (00, 06, 12, 182) ‘ | hourly output
1 GFS surface ‘ X
o [ .| 6hrbackground
| forecast
| c768
(for cycling)
(" initial Conditions . DA Experiments ;’;‘:ﬁ:ﬁgﬂ
‘ atmosphere ‘ ‘ obs
S | Hybrid 4DEnVar ‘ 7 day free forecast (not bufr)
( | spin up cycle 6-hourly »
! surface ‘ 288hr fost | (00,08, 12, 182) \ hourly output
) ensmem=1 / C384 (ensemble) )
e"%m?fﬂ:j‘l / I N| 6hr background
ensmem=8 forecast
C768 & C384
(for cycling)
Fig. 24. Diagram describing the OSSEuwge and the spiup of initial conditions for the Nature and
experiments. The spiap cycle is highlighted in orange and represent the initial conditions after running
control and ensemble state for 288hrs.The forecast and data assimilation stepwara purple. The
observation simulator and where those observations are used are highlighted in green.

3.2.2.3 Initial Conditions and Model SpirUp

The modelspin up process is shown in the OSSE flowchgig.(24). The
perturbed initial conditions used for the control and all other experiments were
generated by replacing the atmospheric state (lower boundary states wepéaceti)e
with that of an arbitrary ensemble member from the operational GFS EnKF, in this
case, the 8dmember was used. The initial conditions for the nature run used the GFS
control member atmospheric state.

Each set of initial conditions were then usednitialize a model fredorecast

to determine the point at which the root mean squared difference (RMSD) of
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temperature, specific humidity, and horizontal wind at-BB@ Fig. 25) between the

two forecasts (the nature and perturbed initial conditions) saturates, i.e. when the
RMSDs no longer continue to grow. This saturation criteria identifies the point at which
the model has tracked to its climatoyagp that both simulations are in a balanced state.
The RMSD of 50ehPa temperature, specific humidity, and horizontal wind saturate at
approximately 28&ours for both C384 and C768 model resolutions. Theh2®8

model state was then used as initial ¢oods for the OSSE experiments.

GFS Spin-up Root Mean Square Difference of
500 hPa Horlzontal Wlnd Temperature and Specn‘lc Humidity
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Fig. 25. Root mean square difference (RMSD) for $0®a wind (black), temperature (red), and specific
humidity (blue) for model resolution C384 for the period starting at 0000 UTC on 11 Sep&0iBe Similar
results were found with C768 resolution (not shown). Hour 288 is highlighted by the vertical dashed lin

3.2.2.4 The Nature Run
The nature run is a 33dtour, deterministic, freeunning simulation(starting
after the 28&our spin up periodfFig. 24) of the GFSv15, absent of any data

assimilationyun at C768 (1&m) and 64 vertical levelsith hourly output for thel-
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weekperiod Reproducing actual weather events is not the goal in this study as might
be the case in some OSSE based stifdigs Ge et al. 20127 he initial spin up cycle
was initialized with an actual GFS analysis as a convenient approach to get a realistic
initial model state.
3.2.2.5 Simulation of Doppler Radial Wind Observations

A Doppler radial wind observation simulatdwas developetiased on the GSI
radial wind observation operator, and is represente@jir24 via the green box labeled
Adrwsi mo. The two main inputs are the natu
location data for each radar network. For simplicity, all radars are constderpérate
similarly to the radars of the NEXRAD netwdik g., Sband, 256m gates, 1° azinoth;
OFCM 2017 p. 22 V#99)but also imposed a maximum observation ramye.§ of
100-km which is consistent with convention for radial wind -precessing for
assimilation purpose@lpert and Kumar 2007; Lippi et al. 2019)e chose 108m
under the assumption that all radars operate in a scan mode that uses a higher pulse
repetition frequency, whiclields a larger Nyquist velocity, yet a lower maximum
unambiguous range. Thus, only data within the-&®0range is used to match real
world application of this data which is meant to avoid the decay of signal quality near
the edge of a radial beam.

To odbtain realistic simulated radial wind observations, observations were

created only in locations where radar reflectivity exceeded a minimum threshold of 10

10 https://github.com/delippi/drwsim
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dBZ. This imposes a requirement that scatters of sufficient size be present. If using the
Marshall Rlmer ZR relationshigMarshall and Palmer 1948)
Z=29%0 (60)
where Z is the reflectivitfactor (mnf m?) and R is the rain rate (mm*hand the
conversion for Z to obtain the logarithmic reflectivity (dBZ) is,
0 = 100¢ "Qd h (61)

then the relationship between dBZ and rain rate can be estimated as,

A

_Pp

R= — (62
CTT

A reflectivity value of 10 dBZ approximately corresponds to a light mist with a rain

rate of <0.01 in. . Furthermore, studies such &sng and Xue (2005)Xue et al.

(2006) andLiu et al. (2020ahave also used a 10 dBZ minimum threshold for detecting

regions of precipitation for simulating radar observations. Therefore, in this study,

threshold of 10 dBZ is used as a proxy for determining regions with precipitation.
Radars have different scanning patterns (Volume Coverage PaDE@M

2017 depending on the weather regime. The VCP @RCM 2017)is the typical

radar scan pattern when precipitating regions exist. In our study, we assume all radars

are operating in this mode, have Doppler capabilities, and operate atbidned S

frequency such that signal attenuation can be ignored. The scan elevatienangle

VCP 212 include 0.5,0.9, 1.3, 1.8, 2.4, 3.1, 4.0, 5.1, 6.4, 8.0, 10.0, 12.5, 15.6, and 19.5

degrees. Clear air techniques for grotnmaged radar are not considered in this study.

The radial wind observations are simulated using the following equation
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V, dU =uc oBqd o (vs idpic(o® (wis ilhH2 mh p (63
whereV: is the radial wind observatiom,andv are thenature runhorizontal wind
componentsw represents the vertical windis 90° minus the azimuth angle of the
radar, andJis the elevation (or tilt) angle of the rad@he formulation here uses the
azimuthal directions based on the unit circle rather than the Cardinal Dire¢tons
0° is East) The last term irEq. (63), 2 1 h regresentsandom, uncorrelated error
drawn from a Gaussian distribution with a mean of OYrar&l standard deviatiaf 1
m s?, which fdlows prior OSSE studig&Gao et al. 2004; Liu et al. 2020a; Snyder and
Zhang 2003; Tong and Xue 2005; Xue et al. 20068se are errors which may arise
from representation errors (coarse model vs. high resolution observations and an
imperfect observation operator) and measurement errors. In the case of this OSSE
study, the radial wind observations are simulated fthennature run, which is an
identical model and thus there are no errors of representation or of the observation
operator; however, instrument measurement errors, are included by adding Gaussian,
unbiased errors to the observations. For simplicity, ob8ervarrors are assumed
uncorrelated.

Radial wind observations were then simulated using the settings foliatla
7. Simulated observations are constrained to the spatiotemporal resolution of the nature
run; therefore, each simulated observation is thinned based on a prescribed three
dimensional boxThe paameters includeazimuthal width(aa), the elevation angle
width (&g , and the gate spacing lengté®) which describe the width, height, and

length of the box respectively. The limiting parameters are the maximum elevation
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angle (4 may and maximum rang€Rmax) Which put a maximum threshold for the

elevation angle and maximum distance from the radar, respectively.

Table7. List of parameters used for simulating the radial observations. Azimuth range, radial range, mi
elevaion angle, and max observations range are as descrihgupiret al. (2019)i.e., chapter 2 of this
thesis) and as used in the GSI. The remaining parameters are specific to the observation simulator.

. Elevatio Min/Max Max Ob Ob error Minimum
Azimuth Gate - .
n angle A elevation observation  error standard dBz
range idth spacing | deviati hreshold VCP
(degrees) widt (meters) angle range mean eviation thresho
(degrees) (degrees) (meters) (ms?h (ms?) (dBz2)
P ye NS Lotdo . 404, H a "HA .
1 0.5 13,000 0.5/20 100,000 0.0 1.0 10 212

The horizontal 2D spatial geometry for these observations was specified to be
1° by 13km. The 13km radial range was the finest resolution afforded by the nature
run. The 2 azimuthal width is consistent with the configuration of the radial wind

products of the NEXRAD network.

3.2.3 Experimental Design

To test the impact of assimilaty Doppler radar radial winds, three DA
experiments (sekig. 24) were designed in addition to a control simulation (Sige
24) that does not assimilate any observations (NODA). Each of these is explained
below and summarized ifable8:

1. NEXRAD: A data assimilation experiment to assess the impact of assimilating
radial wind observations from the only network that is accessible to the GFS
today, the NEXRAD radar networkig. 23; blue).

2. GLOBAL : A data assimilation experiment to assess the impact of assimilating

radial wind observations from the global network of radkig. 3; red as if
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they were accessible to the GFS, the global network of currently deployed
radars. This also includes the NEXRAD network over the U.S.

3. HYPO: A data assimilation experiment to assess the impact of assimilating
radial wind observations from a hypothetical, optimally designed global
network of radarsKig. 23; purple based on homogeneous spacing matching
that of the average spacing for the NEXRAD network, which isikZ8QHuber
and Trapp 2009)This experiment, while highlidealized, is designed to
contextualize the results from the NEXRAD and GLOBAL experiments by

providing an estimate for an upper limit on the impact of radial wind

assimilation.
Table8. List of FV3GFS radial wind OSS&periments and their configurations.
Length  Cycled Time step
Exp ICs Res. 9 Y DA Ensemble (seconds)
(hours)  (hours) (C768/C384)
Nature GFS C768 336 N/A N/A N/A 225
NoDA  ferurbed - ooge 168 6 None N/A 90
GFS
NEXRAD NODA  C768 168 6 Hybrid 80(C384) 90/150
4DEnVar
GLOBAL NODA C768 168 6 Hybrid 80 (C384) 90/150
4DEnVar
HYPO NODA  C768 168 6 Hybrid 80 (C384) 90/150
4DEnVar

3.2.4 Verification

Verification is performed using the Model Evaluation Tools (MET) verification
software(Newman et al. 2022)The impacts of assimilating radial wind observations
from the various network configurations are objectively assessed by calculating the
fraction skill score (FSS) and frequency bias (FBIAS) of forecast quantitative

precipitation as well as the bias axted root mean square error (BCRMSE) and mean
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error (bias) of geopotential height, temperature, horizontal wind, and surface pressure
forecasts. The verification statistics were computed on a common, 0.125° grid over the
following six verification domainsa) Northern Hemisphere (NHM), b) Tropics (TRP),

c) Southern Hemisphere (SHM), d) Contiguous U.S. (CONUS), e) Atlantic Ocean
(ATL), and f) Europe (EUR)Kig. 26). All variables and metrics were evaluated via
scorecards (not shown) for each verification domain; the major results are summarized
into series plots. A bootstrapping technique, using 2000 replications with replacement,
was used to test for sistical significance at the 95% confidence interval for series

plots.

Verification Domains

l\‘.‘i""‘&
= £

Fig. 26. Verification domains denoted by the gray shaded areas: a) Northern Hemisphere (NHM), b) Tr|
(TRP), c) Southern Hemisphere (SHM),@ntinuous U.S. (CONUS), e) Atlantic Ocean (ATL), and f)
Europe (EUR).

hY

FBIAS is a categorical metricand iscomputedas e r ati o of MAyeso
Ay es o0 ob $RIASvgeedtdr thansl.indicates mopeints predicting a given

thresholdcompared to observatiorfa wet bias). FBIAS less thahindicates fewer
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points predicting a given threshold compared to observations (a dry bias). FBIAS is

calculated in the following manner

hi+#fsal se al ar ms (64

FBlI AS— .
hi4nsi sses
Observed
Yes No
% Yes hit false alarm
S
o
O - - -
L No miss correct rejection
Fig. 27. 2x2 contingency table which shows the relationship between events for a dichotonfmaioa
situation(Wilks 2011)

where each of the terms in H§4) are desdbed inFig. 27. A hit corresponds to a
scenario where the forecast correctly matchesliservations. Anisscorresponds to
a finoo forecast event occurr e dalsendeenr e t her
corresponds to an event that was forecast but did not occur in realitgrréct
rejectioncorresponds to an event that was correctly fiseto not occur.

The FSS is a neighborhood verification approach which relaxes the requirement
for forecast and observed events to match exactly at the grid scale. Instead, the
fractional coverage of predicted and observed-gaiht events above a speed
threshold are compared over a range of increfsiagge box widths(Roberts and
Lean 2008)Thus, FSS reveals how well the forecast resembles the observations at a

given spatial scal@he FSS is computed the following manner

1
BN Pr-Po 2 FBS
FSS -=—1% = -1 (65)

%BNP]?+BNP§ JFS\Norst
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where N is the number of grjgbints contained within the neighborhood areais the
fractional coverage of forecast events that exceed-dqiegnined threshold; and
is the fractional coverage of observed events that exceed the thrd3teldactional
values 0 and0 ) are what is computed at the increasingly large box widths. The FSS
ranges from O to 1 where 0 would be a complete midmand 1 would be a perfect
match of forecast events to observed events. FSS at a constant box width can also be
used to verify the forecast similarly to the Equitable Threat SEF& or Gilbert's
Skill Score; Wilks 2011)

Bias corrected root mean squared error (BCRMSE) is the standard deviation of
theforecast errors that is not accounted for by the bias (mean error) and is computed in
the following manner in the MET verification software by taking the square root of the

bias corrected mean squared error (BCMSE)

BCRMSHES &0 ™OYD T Q@0 Qo Qo (66)
where Qs the experimental forecastis the truth from the nature run and the over bars

denote an arithmetic mean.

3.3 Results

To determine how well each experiment performed in@8SE, we consider
the FSS and FBIAS of forecast precipitation as well as the BCRMSE and bias of 500
hPa geopotential heights. Other fields including wind, temperature, and surface
pressure were also verified and generally showed similar results, somfadicgy,

those results are not shown.
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3.3.1 FSS and FBIAS of Precipitation

The FSS of precipitation over increasingly longer lead times (i.e., dd@yis 1
Fig. 28 as indicated by the vertical black lines) shows that, in this OSSE, the benefits
of assimilating radial winds can persist for several days especially for the experiments
with networks with broader coverage (e.g., ~5 days over the Northern Hemisphere for
the HYPO and GLOBAL experiments). Since the impacts are strongest and clearest at
shorter lead times, the day 1 forecast (i.e., average of-Bdehtur forecast) results

will be the focus of the remainder of this study.

Agg. Hourly Acc. Precip. (20180923 06Z - 20180930 00Z; NHM) Agg. Hourly Acc. Precip. (20180923 06Z - 20180930 00Z; TRP) Agg. Hourly Acc. Precip. (20180923 06Z - 20180930 00Z; SHM)
a) 99 y 2 c

d)  Asg. Hourly Acc. Precip. (20180923 06Z - 20180930 00Z; CONUS) )

Fig. 28. FSS at 52km box width of the hourly accumulated precipitation as a function of forecast lead ti
over the 5 verification domain§&i@. 26). The vertical black linemdicate 24hour periods.

The FSS difference (relative to NODA) of day 1 aggregated hourly accumulated
precipitation at 5&km box width over each of the verification domains are shown in
Fig. 29 and the corresponding FBIAS kag. 30. Fig. 29 reveals that the assimilation
of only NEXRAD is modestly helpful in the Northern Hemisphere especially over the
CONUS and Europe; however, it is not necessarily universally helpful such as over the

Atlantic Ocean Fig. 2%). This suggests that network design and spatial uniformity
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have downstream impadts topic which is explored more completely in $8tB8.3.3.
Furthermore, the NEXRAD experiment was the only experiment thatadiproduce
statistically significant improvements over the Southern Hemisphere and in the Tropics
which is consistent with the fact that there are no NEXRAD radars in thaeasewpr
are there radars upstream from those regions. It also shows that the GLOBAL
experiment has significant improvements over the NEXRAD for all domains.
Therefore, future implementation of radial wind assimilation in a global system might
be met withgreater success if the full existing global network of radars is used instead
of those just over the U.S. Finally, the GLOBAL often underperforms compared to the
HYPO experiment by as much as a 24% difference at short forecast leads over the
Northern Hemiphere Fig. 29a). The HYPO was expected to perform better since the
network was designed with greater spatial uniformity and coverage and therefore shows
that the existing global network of radamsuld al® be further enhanced providing
additional benefit.

The FBIAS of day 1 (24-hour) precipitation is shown rig. 30. In the context
of an identical win OSSE (although a reduced time step was used), it would be
expected that there is no bias in the FBIAS; however, this is not the case. This
discrepancy is thought to be due to initial imbalances within the assimilation which
manifest more prominently ithe shorter forecast leads (e.g., day 1 FBIAS scores).
Recall that the time step was reduced for the data assimilation experiments due to
imbalances in the model. Reducing the timestep did not remove those initial imbalances
but allowed the model to bettadjust to those imbalances without causing numerical

instability in the model. Over longer forecast leads and larger verification domains the
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FBIAS is relatively unbiased (not shown). At the shorter forecast leads, the lower

FBIAS thresholds generally %@ good agreement with the truth.

@) D1 Agg. Hourly Acc. Pracip. (20180923 06 - 20180930 00Z; NHM) |5)  Day L Agg. Hourly Acc. Pracip. (20180923 06Z - 20180930 00Z; TRP) () Day 1 Agg. Hourly Acc. Pracip. (20180923 00Z - 20180930 00Z; SHM
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Fig. 29. FSS difference (relative to NODA) of Day 1 aggregated hourly accumulated precipitatieknat 52
box sizes over the-week cycled period over the 5 verification domairig (26). FSS difference scores
greater than zero indicate the respective experiment performed better than NODA.

@) Day 2 Agy. Hourly Acc. Precip. (20180923 06Z - 20180930 00Z; NHM) |5) Dy 1 Agy. Hourly Acc. Precip. (20100923 06Z - 20100330 00Z; TRP) () Day 1 Agg. Hourly Ac. Precip. (20100923 06Z - 20180930 00Z; SHM)

Ty —|

Fig. 30. FBIAS of Day 1 aggregated houdgcumulated precipitation over thevkek cycled period over the
5 verification domainsHia. 26).
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3.3.2 BCRMSE of 500hPa Geopotential Height

To determine thepotential impacts of assimilating observations from the
different radar networks, the day 1 50Ba geopotential height BCRMSEig. 31)
were comparedsaa function of cycle time (i.e., forecast initialization time)

Over the Northern Hemisphergig. 31a), the NEXRAD experiment has little
change relate to the NODA while the GLOBAL and HYPO experiments have a
significant reduction in BCRMSE in 5&@Pa geopotential height, especially during the
later cycles. The improvements for the GLOBAL and HYPO experiments can be
attributed to their larger area observational coverage relative to NEXRAE. 32
shows the observation counts (total, Northern Hemisphere, and Southern Hemisphere)
for each of thalifferent experiments as a function of assimilation cycle. On average,
the NEXRAD, GLOBAL, and HYPOexperiments assimilate roughly p T,
o® p 1M, andp v p TTobservations per assimilation cycle respectively with most of
those observations coming from therbhern Hemisphere. To reiterate, it is not only
that the GLOBAL and HYPO have more observations, but that those networks have
greater spatial coverage.

Over the Tropicg$Fig. 31b) there are slight degradations among all experiments
(~0-50m). The NEXRAD experiment shows the least amount of change here which is
consistent with the fact that most NEXRAD radars reside north of the Tropical
verification domain and thus should not hawech impact on the forecast there. Both
GLOBAL and HYPO experiments show larger BCRMSE in the Tropical verification
domain than the NODA. This results is currently not well understood, but it is suspected

that the limited sampling of the convectively eoviment of the tropics might be
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triggering area of convection due to mass convergence/divergence. It would be
important to further investigate the impacts of radial wind assimilation in the tropics
using realdata experiments.

Over the Southern Hemisphgffeig. 31c), there is virtually no change for the
NEXRAD experiment relative to the control in BCRMSE &tlBa geopotentialdight.

This is consistent since there are no NEXRAD radar sites in the Southern Hemisphere.
There are slight improvements for the GLOBAL and HYPO in the second half of the
period; note the observation courfEgy 32; dotted lines) for the Southern Hemisphere

for each experiment. The relatively smaller impact and lower observation counts in the
Southern Hemisphere, relative to what was found in thehdortHemisphere, is due

to the smaller percentage of landmass available for grbasdd observing networks
(seeFig. 23).

Over the CONUSKig. 31d), all experiments have similar performance with
small improvements (less than about 50 m height differences) prior to 26 September
2018 0600 UTC and largemprovements begin after this period (AT®0 m height
differences). It is expected that each data assimilation experiment performed with
similar skill over the CONUS since the GLOBAL and NEXRAD coverage is identical,
and the HYPO network was based on thierage spacing of the NEXRAD network
but are evenly spaced.

Over the Atlantic Ocean domaihig. 31¢e), there is improvement in the earlier
cycles amongll experiments but the NEXRAD and GLOBAL exhibit an unexpected,
anomalous spike in forecast error peaking around 29 Sept 2018 0600 UTC (as indicated

by the vertical line); a brief discussion will follow on this point in section 3.3.3.
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Finally, over Europgall experiments show some level of improvement. During
the early cycles there are comparatively smaller differene2s (0 height differences)
between the NODA and each experiment. It takes ab@&@uagsimilation cycles for
improvements to appear in tidEXRAD experiment whereas improvements are
immediate and large (~150 m height differences) in the GLOBAL and HYPO
experiments. The improvement in the NEXRAD experiment is evidence of upstream
DA impacting the time lagged downstream forecast, hence wiobs&rve a time lag
of 5-6 cycles before improvements are detected.

The positive downstream impacts over Europe and the negative impacts over
the north Atlantic could be further investigated by running additional, radinal only
experiments over a longeeriod to give more robust results as the results from this

study are based on a limited sample size.

Fig. 31 BCRMSE of day 1 500 hPa geopotential height forecast by forecast initialization time over the
verification domans (Fig. 26).
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