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Abstract

Multiscale ®nvectionallowing precipitation forecast perturbatioseexamined foitwo
forecass and systematicallyover 34 forecastsout to 306h lead timeusing Haar Wavelet
decomposition Two small scalenitial condiion (IC) perturbatiormethod arecomparedo the
larger scale IC and physics perturbationan experimental convectiallowing ensemble.

For aprecipitation forecastlriven primarily bya synoptic scale baroclinic disturbance
small scale IC perturbans resuled in little precipitation forecast perturbation energy on
mediumand largescales compared to larger scale IC and phy$idSPH) perturbations aftethe
first few forecast hoursHowever, br a casavhereforecastconvection at the initial e grew
upscaleinto a Mesoscale Convective System (MCS&pall scale ICand LGPHpertubations
resuled in similar forecast perturbation energy all scales after about A2 Small scalelC
perturbations added to LGPH increased total forecast perturbatergy for this case
Averaged over 34 forecasthe small scale IC perturbations had little impactiamge forecast
scales while LGPHaccountedor about half of the error energyn such scalesThe impact of
small scale IC perturbations was als@slehan, but comparable to, the impact of LGPH
perturbations on medium scale®n small scales, the impactgrhall scale IC perturbationgas
at least as large as th&PH perturbations The spatial structure of small scale IC perturbations
affected theevolution of forecast perturbationsspecially at medium scale There was little
systematicimpact of the small scaléC perturbations whemdded toLGPH. These results

motivate further studiesn properly samplingnulti-scalelC errors.
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1. Introduction

Limited predictability of warm season precipitation forecasts has been demonstrated by
low deterministic forecast skill (Fritsch and Carbone 2004), theoretical arguments (Thompson
1957; Lorenz 1963), sensitivity to small perturbations (e.g., Hoheneggkr2006, Hohenegger
and Schr 2007a, 2007b, Zhang et al. 2003, 2Q0&hd sensitivity to model and physics
differences €.g., Zhang and Fritsch 198Bhang et al2006;Johnson et al. 20ab; Johnson and
Wang 2012, 2013 The ability to resolve smallcale features associated with rapid ftioear
error growth limits the predictability of convecti@aaleforecasteven more thathat of coarser
resolution forecasts (Elmore et al. 2002; Walser et al. 2004; Hohenegger et al. 2006; Hohenegger
and Schr 2007a, 2007b; Zhang et al. 20000§. Predictability studies at convecti@towing'
resolution have been limited to a small humber of forecaatser than systematic evaluation
over a period of many forecasts

Understanding perturbation growth is iorant for ensemble design because ensemble
perturbations are intended to saeble error growth leading to forecast uncertainty (Leith 1974;
Toth and Kalnay 1997 The opt i mal d e si g n forechsts Yvithadrkm gridc a |l e
spacing) Ensemble Fecast (SSEF) systems remains largely unknoaithough coarser
resolution ensembdehave been relatively well studiedror examplemedium range (~1 week)
synoptic scalg~100 kmgrid spacing)ensembls have been studied for almost two decades
(Buizza andPalmer 1995; Toth and Kalnay 1997; Houtekamer et al. 1996; Wang and Bishop
2003; Wang et al. 2004)Shortrange (~13 days)mesoscale (~320 km)ensembls havealso
been the focus of many past studiPsi et al. 1997 Stensrud et al. 199%arsigli et & 2001,

Xu et al. 2001; Grimit and Mass 2002; Eckel and Mass 2005; Lu et al 2007; Li et al. 2008;

! Equivalently called convectiepermitting or clouesystem resolving iother publishedtudies
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Berneret al. 2011) However, the optimal design of SSEFs may be quite different than that of
coarser resolution ensembles (HoheneggelSchar20070.

Hohenegger and Séh (2007a)found similar convectiorallowing precipitationforecast
sensitivityto different perturbation methodster about 11 hours f@casestudy However, it is
not known ifthese results ameharacteristic of other cases with dit#fat background flow and/or
a different role of topography. Other studieshave demonstratedlarge differences in
predictabilityfor different events.For exampleZhang et al. (2006) showed reduced sensitivity
to small scale IC perturbations for a warnasen heavy precipitation event compared to a cold
season large scale cyclone eveMialser et al. (2004) andohenegger et al. (200@)rther
foundthat somevarm seasogases in the Alpine region characterized by stratiform precipitation
exhibited greate predictability than some cases characterized by deep moist convection.
However, it was also found that deep convective cases can exhibit higher predictability,
depending on other factors such as the presence of topographigearedidence time othe
perturbations in convectively unstable regior®one et al. (2012) have also related different
aspects of predictability on two case studies to whether convection is in statistical equilibrium
with large scale forcings.

The evwlution of differenttypes ofperturbaions hasyet to besystematicallystudiedover
a periodof manyconvectionallowing forecasts. The present stugjptematicallyevaluates the
characteristics oévolution ofdifferentperturbations for 34 forecast3wo case studies agdso
evduatedin detail to expand on the types of flow regimes considered in past case stulies.
contrast to the Mesoscale Alpine Program cases studied by Walser et al. (2004) and Hohenegger

et al. (2006), this study focuses on the Great Plains of the UriaesSvhere topography plays



113 aless dominardirectrole, severe convective weather is more frequent and intBnseks et al.

114 2003, and the latitude is fartheouthfrom the main belt of the westerlies.

115 Given the range ofesolvablescalesat convecton-allowing resolution, the growth and
116 interaction ofperturbationson different scales is of particular interedflultiscale evolution of

117 convectionallowing forecast perturbations have been studied on even fewer cases than
118 predictability in generalZhang et al. 2003, 2006; Walser et al. 2004; Luo and Zhang 20hg).

119 present studyocuses on evaluatirpe characteristics and evolutiaf forecast perturbatiorsy

120 decompomg theminto multiple scalesisingaHarr wavele$ analysis methad

121 A few addiional deterministicforecastswvere generated bghe Center for Analysis and
122  Prediction of Storms(CAPS) during the2010 National Oceanographic and Atmospheric
123 Administration Hazardous Weather Testbed (NOAA HWT) Spring Experirflteong et al.

124 2010, Xue et 22010, Clark et al 2012) to complement the CAPS Spring Experineahtime

125 SSEF. The general design of CAPS SSEF did not include small scale IC perturbafioase

126 additional forecastswere therefore designed tostudy the sensitivity tosmall scalelC

127 perturbations The presenstudy has thremaingoals. The first goal is to determine therecast

128 sensitivity to small scale IC perturbations, relatit@ the larger scale IC and physics
129 perturbations already included in the SSEF design. The secahis go compar¢he sensitivity

130 totwo methods of generating such small scale IC perturbations. The third goak@dree the

131 impact of addhg small scale IC perturbatiomms top ofthe existinglarge scale IC and physics
132 perturbations. These goaleaddressed using two case studies with different background flows
133 and systematic evaluation of all 34 available cases. Since the existing method of perturbation

134 actually includes multiple perturbation sources (IC and physics), additional forecastsiteere
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generated for the two case studwgh the physicgerturbationexcludedto aid interpretation
of the resultand better understand the impact of IC perturbations at various.scales

The paper is organized as followsln section 2 the model coigfuration scale
decompositionand perturbation methodse described A brief overview ofthe twocases that
are selected for detailed stuidygiven in section 3 and results are presented in sectiGeetion

5 contains conclusions and a discussion.

2. Model configurations and methods

a. Control forecast configuration

Forecasts were generateith 4 km grid spacingit 000 UTC on 3l weekdays fron8
May to 18 Juneluring the 2010 NOAA HWT Spring ExperimefXue et al. 2010; Kong et al.
2010) The controlforecast used the Weather Research and Forecasting (WRF) model Advanced
Research WRF (ARWSkamaroclet al.2005. Thecontrol forecastCs wereobtained from the
operational Nati onal Centers for Environment .
NAM) 0000 UTCNAM Data Assimilation System (NDAS; Rogers et al. 2088alysisat 12
km grid spacing interpolated to the 4 km WRF gridAdditional radar and mesoscale
observationsverethenassimilated using ARPS 3DVAR and cloud analysis package (Xue et al.
2003; Gao et al. 2004; Hu et al. 2006fRadial velocity from over 120 radars in the Weather
Surveillance Radar (WSRB8D network, as well as surface pressure, horizontal wind, potential
temperature, and specific humidity from the Oklahoma Mesdd&JTAR (Meteorological
Aviation Report) and Wind Profiler networks were assimilateith ARPS 3DVAR. The ARPS
cloud analysis package uses radar reflectivity along sutface dataGeostationary Operational

Environmental Satellite (GOES)sible and10.5 microninfrared data to estimate hydrometeor
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species and adjust-tloud temperature and moistutéu(et al., 2008 The controlforecastwas
configured withthe Thompson et al. (2008) microphysics schenhe, Mellor-YamadaJanic
(Janjic” 1994) boundary layer she,the Rapid Radiative Transfer Model longwave radiation
scheme (Mlawer et al. 1997), toddard shortwave radiation (Tao et al. 2003) scheméehand
NCEPROregon State Universitgir ForceNWS Office of Hydrology (NOAH;EK et al. 2008
landsurface mode The vertical turbulent mixing was represented in the boundary layer scheme
and subgrid scale horizontal turbulence mixing was represented by Smagorinsky

parameterizationNo additional numerical diffusion was applied.

b. Forecast perturbation methods

In the general design of the SSE&uring the 2010 HWT Spring Experiment,
perturbations that sample model and physics uncertainty as well as IC and Lateral Boundary
Condition (LBC)perturbationglerived from the Short Range Ensemble Forecast system (SREF,;
Du et al. 2009)are included. Since the SREWas run & grid spacing of 325 km
(corresponding to a wavelength of-8@ km,Du et al. 2009), SREperturbations are on scales
much larger than thBSEFmodel resolution Thusthe perturbationffom SREFdo not include
small scals (i.e., order of tens of kilometersMethods to generate perturbations on multiple
scales, ranging from the synoptic to the convective scales, have yet to be systematically studied.
As a first step to help guide developmehpractical methods of sampling err@sross multiple
scales il SSEFsystem during the 2010 Spring Experimeadditional forecastaseregenerated
with small scaldC perturbations.For each perturbation method described below, one perturbed

deterministidforecast was generated and compared to the control member.
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Six methods of perturbation argvestigatedin this study. Perturbations RAND
(random) and RECRS (recursive filter) are designed to simulate randomssaiedirrorsin the
initial state. Peturbation LGPH (large scale and physics) is designed to simihi@t@edium
and largescale(i.e., order of hundreds and thousands of kilometers, respecti@ebfyors and
model physics errors Perturbation LGPHs what iscurrently adoptedin the stancird CAPS
SSEFsystem Perturbation LGPH_RECRS (large scale and physics with recursive filter) is a
combination of the LGPH and RECRS perturbation methodibis method is designed to
explore the impact of adding small scale IC perturbations on top @xikeng large scale IC
and physics perturbationg-or the two case studies, two additional perturbations are evaluated.
PerturbationsLG and LG_RECRS are identical to LGPH and LGPH_RECRS, respectively,
except witlout any physics differences from the ¢ad member. The latter two methodare
designed tdoetter understand the impact of IC perturbations at various smadeto infer the
impacs of using different physicparameterization schemes the results.Since the primary
goal of the study is aomparison of small scale IC perturbations to the LGPH perturbations in
the current CAPS SSEF design, LG and LG_REGRSot generated for all forecasiadare
only limited to the two case studies to facilitate understanding of the results.

The RAND pertubation is obtainedby adding spatially uncorrelateGaussian random
numbers to thdC temperature and relative humiditfstandard deviation 00.5 K and 5%,
respectively). The RECRS perturbation is obtained similarly, except with a recursive filter
appled to the random perturbations to create sipattarrelatedperturbations with a 123] km
horizontal (vertical)Jde-correlation scale The RAND perturbation is conceptually similar to the

random perturbations of Hohenegger and &cf2007a). The RECRS perturbation is
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conceptually similar to the Gaussian perturbation of Hohenegger arél @€07a), except
RECRS is applied homogenously across the domain insteadyadt a singldocation

The LGPH IC perturbation is obtained from the differebegve@ a 3 hour forecast @t
SREFWRFARW member labeled P1 iDu et al 2000) and thecorresponding SREF control
memberforecast The SREF perturbations of u and v wind components, potential temperature,
and specific humidity are rescaled to have a rootmnsemare value of 1 ®', 0.5 K, and 0.02
g/kg, respectively In addition to the IC perturbation, th€&sPH forecastuses a differenphysics
configuration than the control forecasb approximatephysics errors. Unlike the control
forecast, th.GPH petturbation uses Morrison et al. (2008) microphysics scheme, RUC land
surface model (Benjamin et al. 2004) and Yonsei Universitph(et al. 2008boundary layer
scheme The LGPH_RECRS perturbation is identical to LGPH except with additional recursive
filtered random perturbations added in the same way as for the RECRS perturbation.

Although only temperature and humidity (and wind in the case of LGPH and
LGPH_RECRS) are directly perturbed, results are evaluated in terms of precipitation differences.
Thus, the focus is on the net effect, rather than the processes, of perturbation growth and

evolution.

c. Scale decomposition method
Following Casatiet al. (2004), precipitation fields are decomposed into components of
different spatial scale using 2D Haar Vet with the Model Evaluation Tools packafem
the Developmental Testbed Centayailable at http://www.dtcenter.org/met/users The
decomposition is defined over & By 2" grid point domain forn>1. The original field is
decomposed into its comportem each oh+1 scalesand is equal to the sum of its components.

The i componentcan be calculated abe difference between the original field averaged
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boxes of2"™* by 2* grid points and theriginal field averaged in boxes oft# 2 grid pdnts for

10 i On. The (n+1)" component is the domain average valugach component therefore
represents the variati@ver a spatial scale df* 2" km from a larger scale averag@nalogous

to the more familiar Fourier decompositioim, the restof the paperthe waveletdecomposed
spatial scalesire referred to in terms of a corresponding wavelengthus, for example, the
smallest resolvable scale of 4 k(e.g., Fig. 1b corresponds to the smallest resolvable
wavelength of 8 kmA verificationdomain(shownin Fig. 3) of 512by 512 grid points (2048y

2048 km)within the larger forecast domaishiown inFig. 2) of 1163 by 723 grid points (4652

by 2892 km)is used in this studyFurtherdetails of thevaveletdecompositiorare described in
Casai et al. (2004). Precipitation forecast energy is defined as the square obrie@our
accumulatedprecipitation field, averaged over the verification domain. The energy on a
particular scale is defined similarly, using only the component of the peg@p field on that
scale. The error (or perturbation) energy is the square of the precipitation field difference
between a forecast and the observations (or control foreCHst) evolution of a perturbation, or
difference, energy metric is a commoetimod of quantifying sensitivity to forecast perturbations
(e.g., Zhang et al. 2006, Hohenegger et al. 2006).

Figure lillustratesthe 2D Haar wavelet decompositiontbé difference between the 6h
control forecast and corresponding observation of hoactumulated precipitation on the 20
May case The distribution of difference energy across scales is also found .i® Fitashed
cyan line). Objectively, there is a maximum of difference energy-843an wavelength scales
and a smaller secondary maxim atthe 256 km scale (Fig9). The total difference field (Fig.
la) subjectively looks most similar to the difference fields or68%«m scales (Fig. 1d,e),

suggesting that the high amplitude, snsalale features on these scales account for most of the
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total difference. The subjectively apparent displacement of the MCS in Oklahoma and Arkansas
(Fig. 1a) also corresponds to increased energy on the 256 km scale (Figs9Lg and

For presentation of resultese define the large scale as the sum of scaleshwi
wavelengths of 4096, 2048, and 1024 km, the medium scale as the sum of scales with
wavelengths of 512, 256, 128 kamd 64 kmand the small scale as the sum of scales with
wavelengths of 32, 16, and 8 kithe small scales are those that are too sméleteepresented

with the current SREEerived perturbations.

3. Case study overview

Forecasts initialized at0®0 UTC on 10 and 20 May 20XBereafter, 10 May case and 20
May caserespectively)are selected for comparison of the differences in precipitdtrecasts
resulting from different sourceand scale®f perturbations during different flow regime3he
following subsections describe the reasons defectingthese cases, a synoptic scale overview

of environmental conditions, andetievolution ofthe unperturbedontrol forecast.

a. 10 May 2010

The 10 May casas selected because a synoptic scale baroclinic disturbance generated
widespread precipitatiom the control forecast During much of the forecast perid@e., the
first ~24h), the forecastvolution was determined primarily by large scale influences (e.g.,
fronts, jets and temperature advectiofis event is also of interest because of a significant
tornado outbreak that occurred in the southern Plains on the afternoon of 18.¢§l&dfmer et

al. 2011). The control forecast of this event contains substantial efmorsomparison to

11
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observations It is therefore of interest to examine the sensitivity & ¢bntrol forecast to
different types of perturbations

At the time of forecastnitialization (00 UTC 10 May)there wasan embedded
shortwave trouglover the western US and a broad ridge over the central US aloft2@ig.
There was southerly flow and a warm front in central Texas at the surfacl{frig8y 0000
UTC the negativéy-tilted shortwave had propagated to the central US, inducing surface
cyclogenesis and an intersecting dryline, cold front and warm front in the southern Plains (Fig.
2c,d,e,f). An initial wave of observed scattered showers associated with tHeviwnarm
advection developed in Arkansas and Missouri by 0600 Wh@ movedeastward into
Tennessee and northern Alabama by 180 (Fig. 3b,d,f). Convection also developed near
the Kansas/Nebraska border by 1200 UTC, moving eastward into northern Missdidd®y
UTC (Fig.3d,f). At 0000 UTC more intense convection was occurring in the southern Plains.

The control forecast predicted thatial wave of scattered showerslthough with a
southwestward displacemeantd with greater intensity than obser{edy. 3a,b,9, as well as the
development of convection along the KanBibraska borderalthough with more linear
organization, weaker intensity and a slight northward displaceiffeégt 3c,d). The most
prominent difference between the forecast and obsernvatas the absence of thentense
convectionover the southern Plairsg 0000 UTC(Fig. 3g). Storms eventually develegdin the
control forecast but thewere several hours slower to develop than observed igindodl extend

as far south as observed (sbbwn).

12



295 b. 20 May 2010

296 In contrast to the 10 May casbget20 May case is selected becagady in the control
297 forecast(i.e., first ~12h) an MCS grew upscale frominitially smaller scale convectionThe
298 MCS evolutionthen influenced the regionatalechaacteristics of subsequent convectidor
299 examplethrough the strength and location ofstefacecold pooloutflow boundary

300 At the time of forecast initialization (@0 UTC 20 May 2010) there wasslowmoving,
301 broad trough aloft with an embedded givave rounding its base (Figa,c,©. At the surface, a
302 weaker surface low thaim the 10 May case propagated from central Oklahoma into western
303 Missouri between @0 UTC 20 May and UTC 21 May without substantial intensification
304 (Fig. 4bd,f). By 0600 UTC 20 May, cellular convection from the previous even(if. 5b)
305 was organizing into an MCS in eastern Oklahoma, Arkansas and Misisauwas dissipating
306 by 1200 UTC (Fig. 5d,f). The remnant outflow boundary was the focws #fdditional
307 convectiom that developed the following afternoon (Figh,j). Stratiform precipitation also
308 developed by 1@ UTC, from southeastern Nebraska to southeastern Missouri §FHhy,
309 weakening later in the day (Fig).

310 The control forecast reflects the upscaleanigation and intensification of convection,
311 subsequendissipation of the MCS, developmentsifatiform precipitation and regeneration of
312 convection the following afternoon (Figac,e,gi). However, the forecast MCS evolved a
313 different structure thanhe observed MCS (Fighc,e). The coverage, timing and location of
314 subsequent convection along the remnant outflow boundargplsagqualitatively different than

315 observed (Fighg,).
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4. Characteristics of perturbation growth

The characteristics ahe pre@itation forecasperturbatiorevolution are evaluated using
the change in perturbation energy with time in total and on the small, medium and large scales as
well as the change in perturbation energy with spatial scale for selected fixed tfesn
petturbatiors are related to the background flowhe background flow referto the control
forecast upon which the perturbations were adddiich may be different than tlubdservations
Precipitation bservationsarefrom the National Severe Storm Labongt®@?2 product (Zhang et
al. 2011)

An optimal ensemble desigshould contain members that are equally plausible, and
therefore equally skillful (Leith 1974)Although lower skilled members can add value to an
ensemble (Eckel and Mass 2005) and this stadyses on forecast sensitivity rather than skill,
the impact of the perturbations on forecast skill should also be considered when designing an
ensemble systemAmong the forecasts evaluated systematically in this study, only the physics
perturbations tasome lead times (~2h and ~227h) and the RECRS perturbations during the
first hour resulted in significant decreases in stélinpared to the control forecdsbt shown).

The differences in skill resulting from physics perturbati@re in large pdarrelated to
differences in forecast biassuling from the use of different physics scheme$low to
optimally sample model and physics error is still an open research question for SSEF design.
The inclusion of LG and LG_RECRS perturbations in the sas#ies helps tonderstandhe

impacs of forecast biass resuling from different physics schemesd the sensitivity tdC
perturbations of various scales The early loss of skill resulting from recursive filter
perturbations is a result of spuriougg@pitation that formed over large areas on many cases (not

shown). This is clearly not desirable in an ensemble and it is suggestéetispatial scales

14
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and amplitude of such perturbations should be more carefully studied before this perturbation
mettod is used for ensemble forecasting.

The following case studies and seaswerage results address the thresearchgoals
stated in section by a comparison of LGPH (and LG) with RAND and RECRS, a comparison
of RAND with RECRS, and a comparison of LEGFRECRS (and LG_RECRS) with LGPH

(and LG).

a. 10 May 2010

For thel0 May case, the control forecast error enesypws maxima in forecast error
enegy at lead times of about 4bh and 2427h (Fig.6d). The general trend of two error energy
maximasuperimpged on an overaihcreasing trend is found on all scales (Fégc). The
magnitude of error energy is an order of magnitude greater on the medium and small scales than
on the large scalesCompared to the control forecast error energy, the perturbatiergy for
most lead times and methods is too small in magnitude §Fign general, those perturbations
involving LG (i.e., LGPH, LGPH_RECRS, LG, LG_RECRS) capture about half of the total
error energywhile small scalelC perturbations (i.e., RAND anBECRS) capture about one
guarter of the total error energy A particularly pronounced absence of medium scale
perturbation energy with a scale of about2s6 km at 24h for all perturbation methatsown
in Fig. 7, compared to forecast error, is consisteith Fig. 3. The medium scale storms in the
southern Plains at this time (Fig. 3h) are absent in the corresponding forecast (Fig. 39),
contributing to the medium scale forecast error energy. However, all perturbation methods also
missed these storm#iqt shown) so the perturbation energy does not reflect that particular

forecast error.In addition,as shown in Fig. ompared to the control forecast error energy, the
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perturbation energy for most lead times and metheddso too small in the spatiakcale of
maximum energgxceptfor LGPH and LGPH_RECRS&t 24.

On the 10 May casene evolution of perturbation energy on different scales depend
strongly on the method of perturbationCompared toLGPH, which is currently used irthe
standardCAPS S&F, RAND and RECR&howless pronounced growfior large and medium
scales but comparable growthor small scaleqFig. 6). Without physics perturbationd. G
perturbation energy is less than LGPH on medium and large scales at later lead tim&s (Fig.
However, the qualitative comparison BAND and RECRS td-GPH is consistent witlihe
comparison toLG. Between the two small scale perturbation methd®ECRS shows an
increase of perturbation energy over RAND on the medium saate®n the small scaledter
~20h (Fig. 6b,c). When small scaldC perturbations are combined witbtGPH and LG
LGPH_RECRSnd LG_RECRSre similarto LGPHand LG, respectively (Fid).

The characteristics of perturbation growth are also seen in the perturbation energy spectr
at seleadlead times (Fig7). None of the perturbation methods genesatech energy during
the first 6h. The perturbation method affects both the spectral width and the wavelength of
maximum energy of the resulting precipitation forecast pertunbatiFor example, at 12h the
wavelength of maximum energyf 32 km for RAND (Fig.7a) is smaller than the 64 km for
LGPH (Fig.7c) and RECRS (Figrb). The LGPH spectrurafter 6his broader than the spectra
for RAND and RECRS (Figr7a,b,c), indicating péurbations across a wider range of scates
LGPH. The RECRS spectrum is also broader than the RAND spectrum7¢im. When
combining the small scalkC perturbation with LGPH,he wavelength of maximum energy for

LGPH_RECRSafter 6h(Fig. 7d) tends o be larger than LGPH (Fig7c). However, sich

16



384 difference was not observddr the combinedsmall and largescalelC-only perturbations (LG
385 and LG_RECRSFig. 7).

386 The perturbations involving RECRS (i.eRECRS LGPH_RECRSand LG_RECRPp
387 show perturbatbon energy maxima at 1& km wavelength at 1lfFig. 7). Such maxima
388 correspond tothe spurious small scale precipitation mentioned abovE&his spurious
389 precipitationmay be a result of adding unrealistically large perturbationsuchscales a lack
390 of realistic coupling between the temperature and moispaeurbations or some other
391 imbalance resulting from the temperature and humidity perturbatioRECRS The lack of
392 spurious precipitation in the RAND perturbatianay be a result of diffusion gackly reducing
393 theamplitudesof the small scalperturbationsvhenthe perturbations are of grid scale

394 In summaryfor the 10 May case thegerturbation methods consideyexspecially small
395 scale IC perturbationsio notreflectthe forecast error magnile or temporal variability The
396 shape of the perturbation energy spectrum also does not reflect the shape of the forecast error
397 energy spectrum for many lead times and perturbation methGasnpared tothe standad

398 LGPH perturbation inCAPS SSEF,RAND and RECRS showess perturbation growth at
399 medium and large scaleresulting innarrower perturbation energy spectra with smaller
400 wavelength of maximum energy at some lead timéa/hen the physics perturbatioms
401 eliminatedfrom LGPH, LG generally hasds perturbation energy than LGPH at later lead times
402 on medium and large scaleBlowever, the smaller perturbation growth by RAND and RECRS
403 at medium and large scales also seercomparedo LG. The difference between RAND and
404 RECRS is mainly on mediunscaleswhere perturbation energys increasedfor RECRS,
405 resulting in a broader spectrum at some lead tim&ke impact of adding small scal€

406 perturbations to LGPH and L{S generally small. Therelativelack of medium and large scale
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forecastperturkations in RAND and RECR$ompared to LG and LGRHand theminimal
impact of combininggsmall andarge scale perturbationsuggest a relative insensitivity of this
forecastat such scaletso random small scale IC perturbationemparedto larger scale

petturbations such as LGPH and L@s shown belowthis resulis casedependent.

b. 20 May 2010

As inthe 10 May case, the 20 May case shows forecast error energy with a maximum at
early lead times followed by a larger maximum at-2Z4 (Fig.8d). The err@ energyon 20
May does not showraincreasing trenas clearly a®snthe 10 May caseThis may be due to the
already much larger error energy on the 20 May caseothtdre 10 May case at early lead times,
especially on small and medium scales (Bigc). Although the error energy during the first
maximum is again undeepresented by the forecast perturbations, the perturbation energy
follows the error energy more closely on this case during the second maximum than on the 10
May case.Compared witlthe 10 May case where all perturbation methods generate maximum
error energy on smaller scales than the forecast error energy during the firsnti2h few
perturbation methods (RAND, LG, RECRS) fail to capture the error energy maximum
wavelengths asomelead times (Fig.9) By 24h, all perturbation methods reflect the maximum
error energy on the 64 km wavelength scale on the 20 May case.

The evolution of perturbation energy the 20 May casis generallyless dependent on
the method of perturbatiothan on the 10 May case There is nb a @nsistentseparation
betweenLGPH and RAND/RECR®n medium and large scaldsiring most of the forecast
period (Fig.8a,0. RAND and RECR®ave evemmoreperturbation energy thdrGPH on small
scales at ~2@7h Eliminating the impact of physics perturbations, small sRRND/RECRS)

and large scale (LG) I@erturbationdave similamperturbation energyHg. 8. During the early
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forecast hours RECRS has more perturbation energy than RAND on small and medium scales
(Fig., 8b,c). In contrast to the 10 May cadéjs difference diminishes and RAND and RECRS
becomesimilar by~10-12h Combining the small scal€ perturbation with LGPHilsoshows a

larger impactcompared to the 10 May caseln particular, LGPH_RECRSshows greater
perturbation energy than LGPH at early lead times on small scales8{ignost lead times on
medium scales (Fig8b), andat the 1h lead time, corresponding to regional variation in the
spurious precipitation response to RECRS, on lacgdes (Fig.8a). These differences are even
more pronounced wheanly thelC perturbations are considerée.,LG_RECRSvs.LG).

The impact of physics perturbation is also evaluated by comparing LG and LTiRH.
differences between LG and LGPH amest pronounced on medium scales at early lead times
and small scales at later lead times for this case (Fig. 8b,c). On the medium scales LG and
LGPH become similar after ~15h, suggesting that medium scale forecast sensitivity is dominated
by the IC, rater than physics, perturbations at later lead timlegSPH_RECRSenergyis also
less than RECRS alone at 1h for large and small s¢gigs8). Since LG_RECRS is more
similar to RECRS at 1hhis seemingly counteintuitive resultis due to a damping eftt of the
LGPH physics configuratiorwhich is different from that used in RECRSThe physics
configuration of LGPH showed less systematic brashe LGPHforecastthan RAND and
RECRSforecastsat these lead times (not shown). It is not clear whethemddmping effect is
related to the differences in microphysics or boundary layer parameteriz&hmalso explains
why LG is more similar to RECRS/RAND than LGHbIr small scalesit later lead timeéFig.
8c).

The perturbation energypectraare also generallyless sensitive to the perturbation

method on 20 May thaon 10 May (Fig. 9). A prominent differencédrom 10 Mayis that inthe
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20 May casethe small scaldC perturbatios energy grow substantiallycreating total energy

that is similar or graterto large scalelC (with or without physicsperturbationgFig. 9). At 6

and 12 the wavelength of maximum energy for LGPH and LGPH_RECRS is again larger than
for RAND and RECRS (Fig.9a,b,c,d). This difference is largely due to the physics
pertubations since the LG and LG_RECRS spe(ftig. 9e,f) at these times are more similar to
the RAND and RECRS spectrdhe differences between RAND and RECRS spectranare
pronounced irthe first 6hdue to the spurious precipitatiol@ombiningthe small scaleRECRS
perturbationwith thelarge scaldC and physicgerturbationslightly broadens the spectra (i.e.,
LGPH vs LGPH_RECRS and LG vs. LG_RECRYS)

The different sensitivities of the 10 and 20 May cases to different perturbations are
illustrated subjectively with representative RANIDGPH and LGforecast perturbations at the
24h lead time (Figl0). On 10 May it is primarily the convective scale details of an incipient
MCS over southeast Kansaand thesmall scale features within thetratiform precipitation
farther north that are substantiadlffectedby theRAND perturbation (Figl0a). However, the
LGPH perturbation alters the mesoscsirictureof the stratiform precipitation regipandmore
dramaticallychanges the structure and locatajrthe incipient MCS which is displaced ~100 km
to the northwest (FiglOb). The LG perturbatiorshowsa similar displacementalthoughthe
amountof displacement in théorecast perturbation by LG lessthanthat byLGPH and in the
opposite directiorfFig., 10c). In contrast, even the mesoscalaracteristics and locatiaf the
MCS forecast over the southern part of the domain oNl&p are substantially changed by the
RAND perturbation (Figl0d) at least as much as th& andLGPH perturbatios (Fig. 10ef).

In summary, the perturbation energy is again smaller than the error energy at early lead

times but, unlike the 10 May case, is similar to the error energy after ~15h. Unlike the 10 May
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476 case RAND/RECRSshow similar or greater energy compatedLGPH The distribution of

477 perturbation energy across spatial scalesgenerally more similar among the different

478 perturbation methods on this case tbarthe 10 May caseAlso in contrast to the 10 May case,

479 combining the small scal€ perturbatios with large scalelC and physicgerturbations shows

480 a clear impact in terms of the magnitude of perturbation energy groitbse results suggest

481 that small scale IC errors on this case contribute to the forecast uncertainty at least as much as
482 the lager scale IC and physics error3herefore addingsmall scale IC perturbatiorts the

483 large scalelC and physicgerturbatios may beadvantageouso the SSEF design in certain

484  situations.

485 c. Season average results

486 On average, the forecast error energywgr@pproximately linearly othe large scale

487 with much less magnitudinan on smaller scales (Fid.l). On medium and small scales, the
488 forecast error energy follows the diurnal cycle of convection, with maxima during the early
489 forecast hours and duringpe following afternoon (Figllbc). The medium scale afternoon
490 maximumof the second dapersistanto the evening while the small scale maximum decreases
491 after ~23h (i.e., ~2B UTC; Fig. 11bc). All perturbation methods result in less total energy
492 than the forecast errors (Fig.1d). The undeestimation of forecast errors is most pronounced
493 for medium and large scales and for the RAND and RECRS perturbations {&id.cL

494 Differences among thaverageperturbation energies in Figlhre testeddr statistical

495  significanceusing onesided permutation resampliiglamill 1999)at the 95% confidence level.
496 On medium and large forecast scales, LGPH has significantly more perturbation energy than
497 RAND and RECRS, except at early lead times due togheais precipitation of RECRS and

498 except at 124h on the medium scale where the difference between LGPH and RECRS is not
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significant Fig. 11a,b. Only LGPH and LGPH_RECRS account for a substantial fraction of the
error energy on large scales (Fidlal On small scalet GPH is slightly, but significantly,
greater than RAND at-8h and is markedly less than RAND and RECRS aBa6 (Fig. 1c).
The reduced LGPHerturbation energgompared to RAND and RECRS on small scales at 16
30h isa systematiaesut of the physicgelated bias differencdiscussedor the 20 May case.
Besides the first few hours, dominated by spurious precipitation for RECRS, significantly greater
energy for RECRS than RAND is found at most lead times for large and medium schkgs a
several lead times for small scaleSig( 11a,b,. This difference is qualitatively most
pronounced orthe medium scales (Fig.,1b). On averagethe medium scale differences
between LGPH and RAND/RECRS are less pronounced than on the 10 May Thse.
RAND/RECRS medium scale perturbation energy is 50% or moteeot. GPH perturbation
energy on average at most lead times. This suggests systematic upscale growth of the small
scale IC errors throughout the 30h forecast perldowever, the differeces between LGPH and
LGPH_RECRS on average are generally small and/or not significant, again excluding early lead
times dominated by spurious precipitation (Fig)). 1

The total average perturbation energy from all perturbation methoasnbscsimilar
after ~16h (Fig.11d), 4h later than the 11h time scale of insensitivitytite small scalelC
perturbation method suggested by Hohenegger andr $2007a). The differencedetween
RAND and RECRS perturbation energgspecially on the medium scaldbrougtout the
forecast periocsuggestghat the impact of the structure of small scale IC perturbations may
persist longer into the forecast than expected.

The RAND and RECRS perturbatiods notreflect the spectral evolution of error energy

as well as LGPH (Fig. 12ab,9. LGPH already approximately reflecthe error energy
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522 maximum of ~32128 km wavelength by 6h (Fig2c¢. However, RAND and RECRS still do

523 notevenreflect the error energy maximum of 64 km wavelength at 12h {B@jp). By 24h, all

524 method reflect the error energy maximum of 32 km wavelength (E2y. At later lead times,

525 LGPH generallyhasa broader spectrum, with more energy on the larger scales, than RAND and
526 RECRS (Fig.12a,b,¢. Except for the very early lead times where RECRSIlaBBH RECRS

527 are dominated by the spurious precipitation, there are not substantial differences in perturbation

528 energy spectra between RAND and REGRSBetween LGPH and LGPH_RECRS.

529 5. Summary anddiscussion

530 The purpose of this study is to understand the necalésharacteristics of the evolution
531 of differentsources operturbations oronvectiorallowing precipitation forecasfor two case

532 studies andor 34 forecaston averaggefor the purpose of guiding the optimal SSEF desilgn

533 particular, tmee maingoals are addressed. First, tingpact of small scale IC perturbations
534 (RAND and RECRS) is compared the impact of larger scale IC and physics perturbations
535 (LGPH and LG) that are currently usedthe CAPS Spring Experiment SSEFSecond, two

536 methods ofgenerating small scale IC perturbations (RAND and RECRS) are compagagh

537 other Third, LGPH is compared to a method of combining the small and large scale IC
538 perturbations (LG_RECRS) and combining multiscale IC and physics perturbations
539 (LGPH_RECRS)

540 It is found that he relative impacts of the different types of perturbation case

541 dependent.On the 10 May casdhe evolution of therecipitation systems the background

542 forecastaredriven primarily by a synopticscaledisturbance After the first few hours, thd.0

543 May forecasts containing large scale IC perturbatiovith or without physics perturbations,

544 have more perturbation energy than the small scalenl¢ perturbations, RAND and RECRS
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545 on medium and large scales while the small staecastperturbation energy is similar for all

546 methods. As a resultthe perturbation energy spectra are generally broader for LG and LGPH
547 than RAND and RECRSOn this case the RECRS method creates more forecast perturbation
548 energy than RAND at most lediches for the medium scales and for many lead times after ~20h
549 for the small scalesLGPH_RECRS and LG_RECRS do not increase the perturbation energy
550 relative to LGPH and LG, respectively, on this casie contrastthe 20 May casehas ongoing

551 convectionin the background forecaat the initial timethatgrowsupscale into aMCS. The 20

552 May forecasts are generally less sensitive tosttade of IC perturbations, with LG and LGPH
553 not showing a clear increase of perturbation energy, relative to RANBRBEG®RS, on any scale.

554 The perturbation energy spectra are also less sensitive to the perturbation ame@®diay

555 than on 10 May There is less forecast energy for LGPH tl@RAND and RECRS on small

556 scales at ~2@7h due to the physics scheme diff@en On 20 MayRECRS shows increased
557 perturbation energy, relative to RAND, fonly the first~12-15h on small and medium scales.
558 Unlike the 10 May case, the 20 May case shawseaterimpact of combining small scal€

559 perturbations with largescalelC and physics perturbationsijth perturbation energy at ~2fbh

560 for LGPH_RECRS and LG_RECR#inglargerthan LGPH and LG, respectively.

561 One of the main differences in perturbation evolution between the two cases is the greater
562 sensitivity to the smalkcale IC perturbations, relative to the larger scale IC and physics
563 perturbations, on the 20 May case. Tikisonsistent with pastasestudies suggesting that lower
564 predictability generally results from the release of deep moist convective instdbility

565 Hohenegger et al. 2006). However, Zhang et al. (2006) flagssdensitivity of the mesoscales
566 to small scale random IC perturbations for a warm season heavy precipitation event than a large

567 scale winter cyclone event his contrasts withhe resits in the present study. Reasons for this
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difference may includéhe direct consideration of precipitation forecasts, instead of wind and
temperature differences as in Zhang et al. (2006), as well as differences in the forcing
mechanisms of the precipitan systems For example, our 20 May cagecharacterized by
upscale growth of convection due to internal storm dynarait®er than théarge scale moisture
transport interacting with topographyZhang et al(2008.

The perturbationsre evaluatel over a large number of forecasts to better understand
their systematic behavior, independent of the many factors of individual cases that can affect the
predictability. Averaged over & forecasts, there is a diurnal cycle of forecast error and
perturbaion energy on the small and medium scal€ompared to RAND and RECR3)et
forecast sensitivityis dominated byLGPH and LGPH_RECRS perturbatioms large and
medium scales However, on medium scales RAND and RECRS alone can generate at least half
as mub forecast perturbation energy as LGPH throughout the forecast period. This sensitivity
of the medium forecast scales to small scale IC perturbations is more sintlilar20 May case
than the 10 May case. This similarity is consistent with the expmctdtat during the late
spring and early summer season convective episodes are often dominated by localized and/or
diurnal forcings, such as those on the 20 May case, rather than large scale forcing like the 10
May case (Stensrud and Fritsch 1998)so similar tothe 20 May case, grturbation energy for
LGPH and LGPH_RECRSs systematically reduced on small scales during the diurnal
convective maximum due to the different biases of the physics schemes. The most prominent
difference between RAND and RESRs an increase of medium scale perturbation energy at all
times for RECRS. RECRS also shows greatly increased energy2latdiie to spurious
precipitation. Refinement of the RECRS metloodnvestigation obetter methods to generate

small scalelC petturbationswould therefore be necessary before inclusion in an ensemble
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forecast system. On average, LGPH_RECRS does not create significantly more perturbation
energy than LGPH on any scale after the first few hadreh are dominated by the spurious
precipitation

The dominant impact of large scale IC and physics perturbations suggests that the current
CAPS ensemble configuration, sampling only large scale IC and physics errors, already samples
the primary forecast sensitivityThe comparable, althobdesser, impact of small scale-t@ly
perturbations on medium scalalsoimplies a process of upscale growth of the initially small
errors that can substantially contribute to the medium scale forecast sensiteiyever, the
method of generating niHscale IC perturbations represented by LGPH_REC&S bt show
a systematic increase in medium scale perturbation energy, relative to LGRHthree most
likely reasons for this lack of impact are that (1) better methods of combining multiple dcales o
IC perturbation need to be developed, (2) there is only an advantage of including small scales in
the IC perturbations under certain conditions such as rapid upscale error propagation gfg., the
May cas@, or (3) the downscale energy cascade of thgelacale IC perturbations implicitly
accounts for small scale errors that are not explicitly sampled.

More work is needed to understand how to realistically and efficiently sample, and
optimally combine, all scales of uncertainty, from synoptic to cdmecinto IC/LBC
perturbations, along with physics perturbations, for SSEHs®e methods of defining the small
scale IC perturbations in thigudyare not flowdependent, may not reflect the actual analysis
errors, and can result in unbalanced initields that are detrimental to short term forecasts. For
example, he RAND perturbations exhibit no initial spatial structarel result in less growth
than the RECRS perturbation¥he RECRS perturbatiorsge defined to hava fixed, uniform

spatial strature and amplitudebut create spurious precipitation at early lead timeEhe
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614 differences between RAND and RECRS, especially on the medium forecast scales, show the
615 importance of the spatial structure of small scale IC perturbatiéih@w-dependent metds

616 should be developed tzettersamplethe smallscaleerrorstructure inthelCs. Future work will

617 investigate the use of ensemble based data assimitatobits variantge.g., Wang et al. 2008)

618 to provide flowdependent mukscale IC perturbationfor SSEFs. In addition to IC/LBC

619 perturbation methodsdifferent physics perturbations may also vyield different results.
620 Investigation of physics perturbation methods such as using different physics sdmmnes
621 different parameters within a fixed sche(@rda et al. 2013 left for futurestudy. While this

622 study focuses primarily on the spatial scales of forecast perturbation, the questions of which
623 variables should be perturbed and what the covariance should be among the perturbed variables
624 for SSEF @sign remains an open question. Enserbbked data assimilation may also be
625 useful to address such questions.

626
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FIG. 1.Difference between control forecast and obsefvdaccumulated precipitation, at@b
UTC 20 May 201Qusing forecast initialized at 0000 UTC 20 May 204Bowing A) the
total precipitation forecast an®8)-(K) the anomalies on each scale identified by the 2D
Haar wavelet decomposition.

FIG. 2. Synoptic scale conditions &), (B) 0000 UTC 10 May, C), (D) 1200UTC 10 May and
(E), (F) 0O0O0UTC 11 May. In(A), (C) and E), 500 hPa geopotential height of the
control member forecast initialized at@OUTC 10 May is shown. InB), (D) and )
the mean sea level pressure, surface fronts and surface observations from the
Hydrometeorological Prediction Centerface analysis archive are shown
(http://www.hpc.ncep.noaa.gov/html/sfc_archive.shtmi

FIG. 3. 1-h accumulated precipitation from the control forecasi)) (C), (E) and G) and from
observations ing), (D), (F) and {). Valid times are 4,B) 0600 UTC 10 May, C,D)
1200 UTC 10 May, E,F) 1800 UTC 10 May and @,H) 0000 UTC 11 May.The red
outlines show the verification domain.

FIG. 4. As in Fig.2, except for A), (B) 0000 UTC 20 May, C), (D) 1200UTC 20 May and[),
(F) 0000UTC 21 May.

FIG. 5. As in Fig. 3, except valid atA), (B) 0100 UTC 20 May, @), (D) 0600 UTC 20 May,
(E), (F) 1200 UTC 20 May@®), (H) 1800 UTC 20 May and); (J) 0000 UTC 21 May.

FIG. 6. Average squared difference (i.e., energy) between control forecast and observed hourly
accunulated precipitation (CNerror), and between each perturbed forecast and the control
forecast, during the 10 May case for (A) large scales only, (B) medium scales only, (C)

small scales only and (D) without any scale decomposition or filtering.
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FIG. 7. Peturbation energy as a function of wavelength for the 10 May case at lead times of 1, 3,
6, 12 and 24 h forA) RAND, (B) RECRS, €) LGPH, (D) LGPH_RECRS(E) LG and
(F) LG_RECRSThe CNerror energy is thdashedine in all panels.

FIG 8. As inFig. 6, except for the 20 May case.

FIG 9. As inFig. 7, except for the 20 May case.

FIG 10. Forecast perturbations at the 24 h lead time (perturbed forecasts minus the control
forecasts shown in Fig. 3g and 3g) for (A) RAND on the 10 May case, (B) LGPH on the
10 May case, (C) LG on the 10 May case, (D) RAND on the 20 May case, (E) LGPH on
the 20 May case and (F) LG on the 20 May case.

FIG. 11 As inFig. 6, except averaged over the entire experiment peftatistical significance
at the 95% confidence level, basad permutation resampling, is indicated as follows.
Markers on the RAND, RECRS and LGPH_RECRS lines (circles, triangles and squares,
respectively) indicate a significant difference from the LGPH line. Markers (asterisks)
above all the lines indicate a sificant difference between RAND and RECRS.

FIG. 12. As inFig. 7, except averaged over the entire experiment period.
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843 in b

844 FIG. 1. Difference between control forecast and obserde@dcumulated precipitation, at 0600
845 UTC 20 May 2010 using forecast imilized at 0000 UTC 20 May 2010, showing (A) the total
846 precipitation forecast and (BK) the anomalies on each scale identified by the 2D Haar wavelet
847 decomposition.
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849
850 FIG. 2. Synoptic scale conditions at (A), (B) 0000 UTC 10 May, (C), (D) 1200 UTC 1Ganthy

851 (E), (F) 0000 UTC 11 May. In (A), (C) and (E), 500 hPa geopotential height of the control
852 member forecast initialized at 0000 UTC 10 May is shown. In (B), (D) and (F) the mean sea
853 level pressure, surface fronts and surface observations from the Hytdavological Prediction

854 Center surface analysis archive are shown
855  (http://www.hpc.ncep.noaa.gov/html/sfc archive.shtml
856
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