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Abstract

The sub-grid-scale parameterization of clouds is one of theveakest aspects of weather
and climate modeling today, and the explicit simulation of clouds will be one of the next
major achievements in numerical weather prediction. Resa&h cloud models have been
in development over the last 45 years and they continue to be mimportant tool for in-
vestigating clouds, cloud-systems, and other small-scalatmospheric dynamics. The lat-
est generation are now being used for weather prediction. Té Advanced Research WRF
(ARW) model, representative of this generation and of a clas of models using explicit
time-splitting integration techniques to e ciently integ rate the Euler equations, is de-
scribed in this paper. It is the rst fully compressible conservative-form nonhydrostatic
atmospheric model suitable for both research and weather @diction applications. Re-
sults are presented demonstrating its ability to resolve stongly-nonlinear small-scale
phenomena, clouds, and cloud systems. Kinetic energy speatand other statistics show
that the model is simulating small scales in numerical weatler prediction applications,
while necessarily removing energy at the gridscale but mimizing arti cial dissipation at
the resolved scales. Filtering requirements for atmosphér models and Iters used in the

ARW model are discussed.

MCS: 65M06, 65M12, 76E06, 76R10, 76U05, 86A10



1. Introduction

E orts to simulate small-scale atmospheric ows where nontydrostatic e ects are
important, such as eddies in the atmospheric boundary layeABL) having length scales
of order a few kilometers or less, and deep convective cloudkat can span the depth
of the troposphere, are coincident with both the developmenhof computational uid
dynamics and the evolution of computer technology. In the edy 1960s, Lilly [22] per-
formed simulations of ABL vortices and convective clouds ugg a time- and space-centered
(leapfrog) integration scheme for the fully compressible B Euler equations. From that
time to the present day, atmospheric modelers simulating srall-scale motions have con-
fronted a similar set of issues that can be categorized in twgeneral (and overlapping)
areas - how to formulate e cient solvers for small-scale nomydrostatic low-Mach-number
stratied ow, and how to model energy dissipation within th ese solvers. The lessons
learned in these 40+ years of development have increasinglynportant applications out-
side the ongoing research simulation needs because thesevadces are now being brought
to bear in operational numerical weather prediction. Presetly, numerical simulations
used to produce operational weather forecasts are being ruwith horizontal grid-spacings
of a few kilometers and they are beginning to explicitly repesent small-scale (nonhydro-
static) motions such as convective clouds.

We describe the formulation of a version of the Weather Resaah and Forecasting
(WRF) Model called the Advanced Research WRF (ARW) in this paper. The ARW
model represents the latest developments following a partiular modeling approach that
uses time-splitting techniques to e ciently integrate the fully compressible nonhydro-
static equations of motion. While the general approach desibed here was developed
originally for cloud models [19], it is applicable to largerscales and has been used in
a number of nonhydrostatic numerical weather prediction (NWP) models (e.g. MM5
[10], LM [8], COAMPS [14], ARPS [45]). We begin in section 2.1by brie y outlining the

most popular approaches to designing nonhydrostatic atmagsheric ow solvers, followed
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by a description of the ARW solver's continuous equations (gction 2.2), temporal dis-
cretization (section 2.3) and spatial discretization (setion 2.4).

Atmospheric ow solutions do not converge in a strict sense;the model grid spac-
ingis x O(km) but the Kolmogorov scale is O(cm), hence ner structures always
appear with increasing resolution. Resolving these smallteuctures is often the primary
reason for increasing spatial resolution, thus an importah aspect of a solver is its abil-
ity to correctly represent structures at the resolution limits (approximately 6 x 10 X
for gridpoint models). Hence in designing atmospheric mods we seek to maintain ac-
curacy and minimize arti cial dissipation at the resolved scales while removing energy
at the gridscale. In section 3.1 we present results from the RW model using idealized
ow test cases, for which converged solutions exist, and wexamine solver performance
as the resolution is decreased and the main structures are gnmarginally resolved. Fol-
lowing this, simulations of observed severe weather event&ection 3.2) demonstrate the
ability of the ARW model to capture important NWP phenomena, in this case tornadic
thunderstorms and 2005 hurricane Katrina. In section 3.3 weexamine some statistics
of high-resolution ARW NWP forecasts demonstrating the enegetics of the model, the
changing dynamical nature of atmospheric ow from synoptic scales to cloud scales, and
model Iter performance. Section 3.4 contains a further digussion of model Itering. A

summary is presented in section 4.

2. ARW Model Formulation
2.1 Modeling Approaches

Atmospheric ow solvers produce spatial and temporal integations of the Euler
equations, and accurate solutions for time-evolving ows @s opposed to steady state so-
lutions) are of utmost importance for NWP and most research gplications. The modes
of meteorological interest in the Euler equation solutionsare relatively slow - they rarely

exceed Mach numbers of approximately 1/3 (for example, in tle jet stream). The fast
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modes in the solutions are the acoustic modes and they containo signi cant energy or
amplitude relative to the meteorological modes of interest Unfortunately, the acoustic

modes present a signi cant timestep restriction in explicit time-integration methods.

Over the last 30 years three approaches have been used to airavent the acoustic-
mode timestep restriction. One class of approaches direatl Iters the acoustic modes
from the continuous equations, and they are generically redfrred to asanelastic approx-
imations. The rst anelastic equation set was introduced by Ogura and Phillips [28].
This class of approximations is discussed in detail in [11]rad references therein. These
approaches work well in some ow regimes but may introduce awors in others [6]. Com-
putationally, the approximations result in the need to solve a 3D Poisson equation each
timestep. A second approach to circumvent the acoustic-mod restriction is to treat the
acoustic modes implicitly in the time integration. These sdvers, called semi-implicit,
treat the time integration of the non-acoustic modes in an exlicit manner and, when
combined with the implicit treatment of the acoustic modes, require the solution of a 3D
Helmholtz equation each timestep. The method was rst used m a cloud model by Tapp
and White [40]. To further relax the integration timestep constraint, the semi-implicit
treatment of acoustic and gravity wave modes has been combed with a Lagrangian
treatment of advection during each timestep. The semi-Lagangian formulation adds sig-
ni cant computational expense that is typically o set by us ing a large timestep (where
Courant numbers are signi cantly greater than unity). The n eed to solve a multidimen-
sional Helmholtz problem each timestep is a drawback of the rathod, and the meth-
ods are usually only stable in rst order time-integration schemes (the Crank-Nicholson
centered implicit discretization of the acoustic terms is dten forward weighted to sta-
bilize the full time-integration scheme). Examples of a moetl of this type are the semi-
implicit semi-Lagrangian model (e.g. [38] (this volume) ard [3]). These approaches have
proven very e ective in global models, where the convergingongitude lines at the poles

would impose severe restrictions on timesteps used in an ekpit model with a latitude-
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longitude grid. For cloud and mesoscale applications, howesr, time steps required to
properly represent important features are typically compaable to those used in explicit
time integration schemes [2].

Given the drawbacks of Itering acoustic modes from the contnuous equations and
in constructing solvers using semi-implicit formulations, we have chosen to use time-
splitting methods to e ciently solve the full Euler equatio ns. The time-splitting meth-
ods involve integrating terms associated with the acoustiomodes with smaller timesteps
than those associated with the meteorologically signi can (low frequency) modes. The
methods maintain much of the simplicity of fully-explicit s olvers and have proven more
e cient than semi-implicit methods for limited-area NWP ap plications (i.e. maximum
Mach numbers  1=3; [41]) although semi-implicit methods may be more e cient for
very low Mach number ows found in some research applicatios. High-order time and
space discretizations can also be easily implemented withithe splitting methods. Being
explicit, the solvers are Courant-number limited, hence trey have found their greatest
use in limited area NWP (where only a portion of the globe is coered with a grid that
is relatively isotropic) where the pole problems associat with the latitude-longitude

discretization do not exist.

2.2 Continuous Equations
2.2.1 Euler Equations Using a Hydrostatic Pressure Vertich Coordinate

The continuous equations solved in the ARW model are the Eule equations cast in
a ux (conservative) form where the vertical coordinate, denoted as , is de ned by a

normalized hydrostatic pressure (or mass) following Laprse [20]:

=(pn  Pnt)= where = phs  Phe: (1)

pn is the hydrostatic component of the pressure, andons and py; are the values for the
dry atmosphere at the surface and top boundaries, respectely. Following common prac-

tice we setp,; = constant. decreases monotonically from a value of 1 at the surface
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to O at the upper boundary of the model domain. This coordinate de nition proposed
by Laprise, and depicted in gure 1, is the traditional coordinate used in many hydro-
static atmospheric models.

Using this vertical coordinate, the ux form equations are expressed as

U +(r Vu)+Py(p; )= Fu 2)
Vi+(r VV)+Py(p; )= Fy (3)
Wi +(r Vw)+P (p; )= Fw (4)
t+(r V)=F (5)

t+(r V)=0 (6)

e+ UV or ) gwl=0 (7)
(Qm)  +(r VQm) = Fq, (8)

(x;y) represents the mass of the dry air per unit area within the cdumn in the model

domain at (x;y), hence the ux form variables are de ned as
U= u=m; V = v=m; W = w=m; = =m:

m is a map-scale factor that allows mapping of the equations tdhe sphere (see [13]) and

is given as

_ (x5 y)
distance on the earth

The velocitiesv = (u;v;w) are the physical velocities in the two horizontal and ver-
tical directions, respectively,! = _ is the transformed “vertical' velocity, and is the
potential temperature. Qm = qm; Qm = Quv;Qc; Qi;:::, represent the mass of water
vapor, cloud, rain, ice, etc., andg are their mixing ratios (mass per mass of dry air).
We also de ne non-conserved variables = gz (the geopotential), p (pressure), and

= 1= (the specic volume) that appear in the governing equations 4 refers to the

speci ¢ volume of the dry air, and is the speci c volume including all moist species,

e, = g@+q+q+qg) t



To close the system, we use the diagnostic relation for the szi ¢ volume (that is,

the hydrostatic relation for dry air)
= d; 9)
and the moist equation of state

P=po(Ra (1+(Ra=Ry)A)= d) ; (10)

= =6 = 1:4is the ratio of the heat capacities for dry air, Rq is the gas constant for
dry air, and pq is a reference pressure (typically 19 Pascals).

In this paper x, y, andt subscripts denote partial di erentiation, and

r Va= m?[(Ua), +(Va)l+( a);

V ra=m?Ua+Val+m a;

where a represents a generic scalar variable. The pressure gradieterms in (2)-(4) are

given by

Px(p; )=(= o) @(p )+ @(p )]
Py(p; )=(= o)l @p )+ @(p y)]

P )= gm'(= op I

The right-hand-side (RHS) terms Fy, Fv, Fw, F and Fq,, represent forcing terms
arising from model physics, turbulent mixing, spherical projections, the earth's rotation,
and moist physics and are described in detail in [33].

We have chosen to use a conservation equation for the dry air6) so that no source
terms appears in it. All the prognostic equations (2) - (8) are cast in conservative form
except for (7) which is the material derivative of the de nit ion of the geopotential. This

equation could be cast in ux form but we nd no advantage in doing so since is not
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a conserved quantity. We could also use a prognostic presseirequation in place of (7)
[20], but pressure is not a conserved variable and we could haise a prognostic pressure
equation together with the conservation equation for (5) b ecause they are linearly de-
pendent. Additionally, prognostic pressure equations hae the disadvantage of possessing
a mass divergence term multiplied by a large coe cient (proportional to the square of

the sound speed) that makes spatial and temporal discretizidon problematic. It should

be noted that the relation for the hydrostatic balance (9) does not represent a constraint
on the solution, rather it is a diagnostic relation that form ally is part of the coordinate

de nition. In the hydrostatic counterpart to the nonhydros tatic equations, the vertical

momentum equation (4) is replaced by (= 4)p =
2.2.2 Perturbation Formulation

The earth's atmosphere is strongly strati ed and it is in approximate hydrostatic
balance. In order to reduce truncation errors in the horizonal pressure gradient calcula-
tions in the discrete solver, in addition to reducing machire rounding errors in the verti-
cal pressure gradient and buoyancy calculations, we recaghe thermodynamic variables
into a reference pro le plus a perturbation: p = p(z)+ p° = (2)+ %= gz+ g2°

= (2+ %and = (x;y)+ 9 The reference pro le is in hydrostatic balance.
Because the coordinate surfaces are generally not horizontal, the refence prolesp, ,
and are functions of (x;y; ). Atthe modeltop ( = 0), p(x;y;0) = pnt = p(z), and
pAx;y; 0) = 0. With the introduction of the perturbation variables, the pressure gradient

operators are rede ned as

Px(p(); % 0):( p 0x+ Opx)"'(: a)( 0x+p0 X Ox);

Py %% 9=Cp S+ P+(= aC S+ y %) (11)
PP 9= mtg(= ol da+a+g)+m?’ %;
and the hydrostatic relation for dry air (9) becomes
= 4 ad (12)



Equations (2)-(8), using the perturbation formulation (11) and (12), form the basis

for the discrete solver.
2.3 Temporal Discretization
2.3.1 Overview of the Runge-Kutta Time Integration

Most time-split nonhydrostatic NWP models (e.g. ARPS, COAM PS, MM5, LM)
use a leapfrog time discretization for the slow modes, and dsipation terms are com-
monly integrated forward in time (see [35]). Many semi-impicit models also use leapfrog
time integration for the explicit (slow-mode) terms, altho ugh a number of these have
switched to forward-in-time integration schemes. In the ARN model, we use an original
third-order Runge-Kutta type scheme (RK3) developed in [44 as the basis for the time-
split scheme. The RK3 scheme is not a standard Runge-Kutta dteme per sebecause,
while it is third-order accurate for linear equations, it is only second-order accurate for
nonlinear equations [31]. The scheme is, however, more elsadaptable for stable time-
splitting than other Runge-Kutta variants we have examined.

The RK3 scheme circumvents three problems inherent in the lapfrog scheme. First,
while the leapfrog scheme is 2nd-order accurate, the schenrequires temporal Itering
to prevent decoupling of the timesteps which reduces the acgacy to rst order. The
RK3 scheme does not require this Itering. Second, the leapbg scheme possesses large
phase errors compared to the RK3 scheme. Third, the RK3 schemallows both neutral
and dissipative (upwind-biased) spatial discretizationsfor advection, whereas leapfrog is
stable only for centered (neutral) operators [35].

De ning the prognostic variables in the ARW solver as = ( U;V;W; ; % %Qp)
and the model equations as ; = R(), the RK3 integration takes the form of 3 steps to

advance a solution (t)to ( t+ t):

|
+

—=R( ") (13)

= '+ R( ) (14)



t+ t — t+ tR( ) (15)

where t is the time step for the low-frequency modes (the model time ®p), and super-
scripts denote time levels. With respect to the ARW equatiors, the time derivatives
are the partial time derivatives (the leftmost terms) in equations (2)-(8), and R() are

the right hand side terms in (2)-(8) in addition to the advection terms.
2.3.2 Time-Split Acoustic-Mode Integration

The high-frequency acoustic modes are meteorologically gigni cant [28] and would
severely limit an explicit RK3 time step t. To circumvent this time step limitation we
use a time-split version of the RK3 scheme [44]. The time-sfiting technique involves
integrating terms associated with acoustic modes with smdeér timesteps than the low-
frequency (meteorologically signi cant) modes. Within th e small timestep integration,
terms associated with horizontally propagating modes arentegrated explicitly, while
terms associated with vertically propagating modes are ineégrated implicitly. The im-
plicit integration component alleviates the severe Couran number restriction, arising
from vertically propagating acoustic modes when using grid with large aspect ratios

x= 1z, at the cost of a simple tridiagonal matrix inversion.

We integrate a perturbation form of the governing equationson the smaller acoustic
time steps within the RK3 large-time-step sequence in ordetto increase the accuracy of
the splitting [17]. To form the perturbation equations, we follow [17] and de ne small

time step variables that are deviations from the most recentRK3 predictor (denoted by

the superscriptt ) and representing either *, , or in (13)-(15).
Vo= y oyt 00— t . 00— t .

00— O o . 00— O ot . 00— O o .

= , d— d d = :

The hydrostatic relation (i.e., the vertical coordinate de nition) becomes
o 1 oo t 00 .
d- T + g (16)
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To achieve a linear implicit system for the vertically propagating acoustic modes, we in-

troduce a version of the equation of state that is linearizedabout t ,

C2 00 00 00
s = = < (17)
d d

wherec?2 = pt! | is the square of the sound speed. By combining (16) and (17)he

vertical pressure gradient can be expressed as

p? =(C % + — (18)

2 . . : o
whereC = 2=t ' °. Given the time-scales of the meteorological modes, thistieariza-
tion is su cient to maintain the overall accuracy of the solv er.

The perturbation variables, along with (18), are substituted into the prognostic

equations and lead to the acoustic time-step equations:

U PL(p® % % %9 =1 (vt Px(% % % O 4Ry (19)

VP, (% % N ) = (vt Py (S 5 S ) ARy (20)
0 p yOoOr = V! (21)
P+r (v Y)=r (V) +F (22)
W+ pooe 00 09 = r (vw)' P (p% 9" + Fw (23)
00, é[m 00 gWw®]= v r  gw] (24)
where
0 00 00 O 1 t 0 Cg 00 00
POU® % %= mi'g(= o' (C% + < T :

The RHS terms in (19)-(24) are xed for the acoustic steps tha comprise the time inte-
gration of each RK3 sub-step (13)-(15). The acoustic step agptions utilize the discrete

acoustic time-step operator de ned as



where is the acoustic time step, and an acoustic time-step averagg operator is de-

ned as

2 T

where is a user-speci ed o -centering parameter. Equations (23)and (24), with the
time-averaged terms, comprise the vertically implicit acaistic mode integration. The

o -centering parameter  will forward center the time average as is the common ap-
proach in 3D semi-implicit nonhydrostatic models. Here, the o -centering is applied over
smaller acoustic timesteps and does not degrade the formalcauracy of the solver.

The integration over the acoustic time steps proceeds as flaws. Beginning with the
small time-step variables at time , (19) and (20) are stepped forward to obtainU%® *
andV®*  Both 9" and %% are then calculated by advancing (21). This is
accomplished by rst integrating (20) vertically from the s urface to the material surface
at the top of the domain, which removes the@ °term such that

Z 0
00— m2 [(U00+ Ut )X +(v00+ Vt )y] + d:
1

After computing " | %% s recovered by vertically integrating (21) to recover

90 Equation (22) is then stepped forward to calculate °°* . The forward integra-
tion of the horizontal momentum equations (19) and (20), folowed by the backward
integration of the continuity equation (21) and the thermod ynamic equation (22), con-
stitute the explicit forward-backward integration scheme of Mesinger [25]. Following this
explicit integration, (23) and (24) are combined to form a vertically implicit equation
that is solved for W™  subject to the boundary conditions W= V% r h at the
lower boundary z = h(x;y) and p° = 0 along the model top. %" s then obtained
from (24) and p®* and "  are recovered from (16) and (17).

The acoustic-integration equations (19)-(24) and the integration sequence just de-

scribed represent a speci ¢ splitting of the equations and IHS terms. The splitting is

not arbitrary, it is derived from a careful examination of th e dispersion relation for the
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acoustic and gravity waves as described in [17]. Additiondy, the small-timestep acoustic
integration incorporates the gravity wave terms. The gravest gravity-wave mode is the
external mode which propagates at speeds similar to the acatic modes, hence handling

these modes on the acoustic step is necessary [17].
2.3.3 Full Time-split Integration Scheme

The RK3 time-step integration sequence, including the acostic substeps, is de-
picted in Figure 2. In the integration n represents the number of acoustic time steps
for a given substep of the RK3 integration andns is the ratio of the RK3 time step to
the acoustic time step for the second and third RK3 substeps.Model physics (processes
not contained within the Euler equations) and sub-grid processes (e.g. turbulence that
is part of the Euler equation solutions but is not resolved ona given grid) are integrated
within the RK3 time integration (using a forward time step, i .e., step (1)) or the RK3
time integration if higher temporal accuracy is desired, ie., in step (2)| implying a
physics evaluation every RK3 substep, or external to it usirg additive time-splitting,

i.e., step (9). Note that within the rst RK3 substep, a singl e acoustic time step is used
to advance the solution regardless ohs. Within the full RK3-acoustic time-split inte-
gration, this modi ed acoustic time step does not impose anyadditional stability con-
straints [44].

The major costs in the model arise from the evaluation of the ight hand side terms
in (19)-(24). The e ciency of the RK3 time-split scheme aris es from the fact that the
RK3 time step t is much larger than the acoustic time step , hence the most costly

evaluations are only performed in the less-frequent RK3 stes.

2.4 Spatial Discretization
2.4.1 Grid Structure and Basic Spatial Discretization

The spatial discretization for the ARW model is performed on a staggered C-grid

as shown in gure 3. This staggering is used in most nonhydrasitic NWP and research
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models (e.g. ARPS [45], COAMPS [14], RAMS [30], LM [8], GEM [4], MC2 [3], UKMO
Uni ed Model [38], JIMA Nonhydrostatic model [32]) because t provides the most accu-
rate representation of gravity waves (horizontally-divergent modes, [26]). Unstaggered
grids are also used in nonhydrostatic models. An unstaggedegrid admits the possibility
of null modes in the solution (e.g. the decoupling of the odd ad even gridpoint pres-
sure values). However, it is used in some models because ithgli es semi-Lagrangian
formulations [39] by allowing for a single advective formuhtion for all variables. Other
staggerings are used in hydrostatic large-scale models th@rovide for higher accuracy in
the rotational modes [26]. In nonhydrostatic model applicaions the Rossby numbers are
large for the small scales and increased accuracy for the rational modes is not needed.
The C-grid staggering allows for a discretization of the presure gradient and divergence
terms across a single grid interval without any averaging, &hieving a highly accurate
second-order di erence. The timestep constraint associad with a one-grid-interval gra-
dient operator is relaxed by a factor of 2 with the use of the eyplicit forward-backward

acoustic-mode integration outlined in the previous sectia.
2.4.2 Advection (Flux Divergence) Discretization

While the spatial discretization of the pressure gradient and divergence terms is sec-
ond order and centered, the advection (ux divergence) terns are discretized using se-
lectable 2 through 6" order operators as given in [15] (we comment on the rational
for the mixed approximation in the next section). The discrete ux divergence operators
can be illustrated by considering the ux divergence operabr for a scalarq in its discrete
form:

rVa= mi[L(Uge )+ (Ve )]+ m (g ):
The discrete operator  is de ned as
UTe )= x D (UT )i (UT ) gop

The di erent order advection schemes correspond to di erert de nitions for the operator
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g*= . For illustrative purposes, the 6" and 5" order operators are

37 2 1
6" order: (@ ) 122 = @(q +qg 1) 1—5(Q+1 +qg 2)+ a)(chz + G 3);
5 order: (@ ); 1o = (T )i6m1=2

. 1
&gn(U)a) (G2 G 3) 5@+ G 2)+10(g G 1)

where the scalarq in these operators correspond to the latest predictors (!, or )
in the RK3 scheme (13)-(15). The even-order advection opetars are spatially centered
and thus contain no implicit di usion outside of the damping inherent in the RK3 time
integration. The odd-order operators are upwind-biased, ad the spatial discretization is
inherently di usive. As is evident in the formulation, the o dd-order operators are com-
prised of the next higher (even) order centered operator pla an upwind term that, for a
constant transport mass ux, is a di usion term of the next hi gher (even) order with a
hyper-viscosity proportional to the Courant number (Cr). Also in the RK3 implemen-
tation, the 3D time-dependent advection discretization is fully third order in both time
and space even though the advection operators are applied @hg gridlines; the higher-
order cross-derivative terms in the Taylor series expansio are picked up through the
multiple RK3 substeps. The order of accuracy is, however, oly formally third order for
constant U; for non-constant velocities the scheme is onlyexond-order accurate. Fur-

ther details concerning RK3 advection can be found in [44] ad [15].

3. Model performance

In designing solvers we wish to maximize solver e ciency, that is, maximize the so-
lution accuracy for a given computational expense or minimke the computational ex-
pense for a required accuracy. This requires the ability to bjectively measure solution
accuracy for relevant applications of the solver, and a prolem we encounter when test-
ing models is that the model solutions for our applications @ not converge - spatial grid

re nement leads to the appearance of smaller-scale featusein the ow. Indeed, the rea-
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son for increasing resolution in our applications is often o explicitly resolve these newly-
appearing smaller-scale features. This non-convergencs the result of the solvers' sub-
grid models for turbulence and other parameterized physicsiot explicitly contained in
the Euler equations. Thus, while higher-order convergencén a solver might be a desired
feature in some uid- ow solver applications, the ability o f a solver to resolve ne-scale
structure (relative to the mesh) is the most important asped of solver performance in
NWP and small-scale atmospheric simulations. In this regad it should be appreciated
that the large-scale features are well-resolved with any re@sonable discretization, even a

low-order one.

The most e cient solvers we have been able to develop have usehigher-order dis-
cretizations in selected parts of the solver design. Speatally, we have found that it
is most advantageous to use a high-order transport (advectin) scheme in the solver.
Conversely, we have found that approximations higher than 2d-order for centered dis-
cretization over one grid interval in other parts of the solver (e.g., the pressure gradient
terms) do not appreciably improve the representation of thesmall scales features in the

solutions.

We are using a split-explicit time integration scheme, and ve make selective use of
high order approximations in transport and aspects of the time integration scheme be-
cause we believe they maximize e ciency and are robust. Othe aspects of the solver
design are in uenced by our applications. We are using an ecation set cast in conserva-
tive (ux) form because of our desire to numerically consene rst order quantities such
as mass, entropy, and scalars (following Ooyama [29]) and lsause many applications
require conserving solvers, such as air quality applicatins and atmospheric chemistry.
Most existing cloud and mesoscale models do not exactly coesse anything, even mass
(e.g., MM5, ARPS, COAMPS, LM, and most semi-Lagrangian semiimplicit formula-
tions [39]), in part because it has not been obvious how to dégn e cient and robust

conservative formulations. These models have performed &djuately because conserva-
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tion is not important in most applications for which they are used. We believe the use
of conservative continuous and discrete equations, and these of high-order temporal
integration and advection (the RK3 scheme and high-order uwvind-biased advection),
represent the major advances in the ARW model from the preceithg generation of mod-

els (MM5, ARPS, COAMPS, LM, etc).

With these points in mind, the test results presented in this section are designed to
illustrate the ability of the ARW model to resolve structure s at the limit of its resolution
capabilities, and to determine the resolution limits. Alth ough there are no standard test
suites for nonhydrostatic atmospheric models, a number ofihear and fewer nonlinear
analytic solutions, and some converged numerical solutioy have been used to evaluate
their robustness and accuracy as uid ow solvers. For exampe, there are a number of
linear steady-state mountain-wave solutions describing tsati ed ow over some topo-
graphic feature (see [12] and references therein). Howevedor small-scale (nonhydro-
static) atmospheric ow and for high-resolution NWP, the o ws of interest are highly
nonlinear and transient, thus many standard tests have little relevance to research and
NWP needs. Consider cloud simulations. Clouds represent sbngly nonlinear, transient
ow features that are discontinuous at the cloud/clear air i nterface. The modeling of
deep convective clouds, and the interaction between thesdauds and the larger-scale en-
vironment, is an active area of research and is producing rests that will be used in op-
erational NWP in the very-near future. We do not have any analytic solutions for these

strongly nonlinear, transient ows.

3.1 Gravity Current Test Case

The test case described in Straka et al [37] for a nonlinear awesity current simula-
tion has been widely used for nonhydrostatic model intercomarison. By employing a
constant xed eddy viscosity in a second order mixing formultion, converged numerical

solutions can be computed. The complete con guration for the 2D test case is described
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in Straka et al, where results for 14 di erent solvers are prasented. Results for this test

case from an early advective-form of the RK3 time-split modé are presented in [44].

Figure 4 is a plot of the potential temperature eld from the A RW model that can
be compared with the results shown in [12] and [44]. The restd produced by the ux
(conservative) form ARW model are similar to those producedby the advective form
model presented in [44]. The models both show approximatelyhird order convergence
for this problem and both show the greater accuracy of the hig-order solver (third-order
RK3 time integration and fth-order advection) compared to lower order solvers (see

also [44], and compare both with solutions from other modelgiven in [37]).

The x = 50 m solution shown in the gure is essentially converged fo this case,
and the converged solution is very similar to other publishe& solutions (the constant
pressure upper boundary condition di ers from the rigid lid upper boundary condition
used in most of the other solutions leading to the small di erences among the solutions
- see [37] for further discussion of converged-solution derences). As expected, coarsen-
ing of the grid leads to a degradation of the solution. Signi cant dissipation produced
by the 5th order advection scheme is evident in the simulatims depicted in the left col-
umn in the x = 400 m solution. The solutions produced using the second-ater cen-
tered scheme, depicted in the right column of gure 4, show gini cant degradation of
the solution even at x = 100 m (compare the x =50 m and 100 m eddy struc-
ture), whereas the ARW solutions computed using the 5th orde advection scheme on

the x =50 m and 100 m are almost indistinguishable.

In order to examine phase errors, a constant horizontal winds used in the initial
state to translate the solution. Figure 5 shows the second ath fth order advection solu-
tions using an initially uniform horizontal wind. Both the | eft and right moving gravity
currents are shown in the plots and the solution should be symmetric about the trans-
lating centerline. Larger phase errors are evident in the slotion computed using second

order advection on both 100 m and 200 m grids compared with thefth order advection
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on the 200 m grid.

The larger phase errors and associated lack of symmetry, anthe obvious lower ac-
curacy of the second order advection scheme compared with & fth order scheme, has
led us adopt the higher order scheme in our ARW applications.Additionally, in these
tests we have used the RK3 time-integration scheme; simulabns using leapfrog would
exhibit increased phase errors. We have also experimentediti higher-order approxima-
tions in other parts of the model, including the pressure gralient terms in the momen-
tum equations and the mass divergence operator in the contity equation. We have
not found a signi cant improvement in solution accuracy using these higher order ap-
proximations for marginally-resolved features such as thegravity current simulations we

present here on the x =200 m and 400 m grids.

3.2 NWP Tests: Convection-Permitting Simulations

Over the past several years, nonhydrostatic NWP models havéeen tested using
grid spacings where deep unstable convection is explicitlgimulated, that is, a parame-
terization of deep convective clouds and their e ects (a subgrid model of deep convec-
tion, typically referred to as a convective parameterization) is not used. Deep convection
is a crucial component of many important atmospheric phenonena (hurricanes, mid-
latitude squall-lines, tornadic storms, tropical cloud clusters, etc) and an explicit rep-
resentation of deep convective clouds includes the explice ect of vertical wind shear on
developing clouds and cloud systems. Wind shear plays a criat role in determining the
structure, organization and propagation characteristicsof convective clouds and cloud
systems, and in the severity of the resulting weather. This dtically important e ect is
missing in convective parameterizations and, likewise, iroperational NWP models that
use convective parameterization.

We have participated in NWP testing of the ARW model at NCAR, w here daily

36 hour forecasts have been produced for the spring and summeonvective season over

20



the central United States, starting in 2003, using a grid with  x = 4 km [9]. This grid
spacing is near the upper bound of grid spacings at which exlit simulations of deep

convection appear to be feasible [43].

Figure 6 shows the radar re ectivity for a line of supercell thunderstorms observed
at 23 UTC 30 May 2003 along with the 23 hour forecast re ectivity from the ARW model
valid at that time that was produced as part of the real-time forecast tests [9]. The
radar re ectivity for the simulation is diagnosed from the p redicted rain, snow, ice and
graupel species. These isolated severe storms produced 3fthemed tornadoes as the
line of storms passed through Wisconsin and lllinois, propgating from the west to the
east at approximately 18 m/s. The forecast is notable becaus it predicted a line of
strong isolated cells propagating at approximately the sane speed as observed with only
a small phase error. At present, most operational NWP modelsdo not explicitly simu-
late individual convective cells, rather, convective paraneterizations are used. The pa-
rameterizations give no indication of the type or severity d convection, and the strong
convective line shown in gure 6a would appear only as an elogated region of precipita-

tion in operational forecasts.

While the overall structure is well captured in the forecast, there are some notice-
able de ciencies in the more detailed features in the forecst. Most obvious is that the
simulated re ectivity for the 4 km simulation depicts cells that are signi cantly larger
and stronger than was observed. The 4 km grid also does not alv resolution of some of
the de ning characteristics of supercell storms, in particular the low-level mesoscyclone
(storm-scale cyclonic circulation in the storm, see [18] ad [21]) and propagation to the
right of the low-level wind-shear vector (see [18]). Higheresolution does alleviate some
of these problems. Figure 6 also shows results from simulaths using = 2 km and
1 km grids for this same forecast (M. L. Weisman, personal comunication). The ner
grids show convective structure that compares much better ¢ observations than the 4

km forecast as revealed in the re ectivity. The storms exhildt mesocyclones and also are
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propagating to the right of the low-level shear vector in the 2 and 1 km simulations.

The lifetimes of ordinary convective cells are of the order 630 minutes, and super-
cells may persist for a few hours; hence the convective celge not deterministically pre-
dictable in these 23 h forecasts. From a forecasting persptee, the x = 1 km solu-
tion does not o er signi cantly more information than the  x = 4 km solution as the
location and propagation of the convective line are quite gnilar in the two forecasts.
Furthermore, recent studies [5] suggest that even higher olution is needed to resolve
individual convective cells and the large eddies responslb for entrainment in the up-
drafts. In this regard we consider these gridspacings (x  O(1 km)) to be convection-

permitting, as opposed to convection-resolving, resolutns.

We have also been testing the capabilities of the ARW model aNCAR in fore-
casting Atlantic hurricanes. The ARW model has the ability t o selectively re ne the
horizontal grid in rectangular regions. The use ofgrid nesting for hurricane forecasting
began in the 1970s [16] and predates the more sophisticatedlaptive mesh re nement
work (e.g. [7], [36]). Figure 7 shows the observed and forestradar re ectivity for Hur-
ricane Katrina as it was making landfall just east of New Orleans [42]. Hurricane Ka-
trina was an extremely strong and devastating hurricane tha caused billions of dollars
(US$) damage as it made landfall on 29 August 2005. This 62 h AW forecast was pro-
duced using a x = 12 km domain within which a  x = 4 km re nement automatically
tracked the hurricane. The forecast re ectivity captures many signi cant features of the
hurricane, including the areal extent of the hurricane, its banded structure, its inten-
sity, and its notable asymmetries. Consistent with the resuts from the summer convec-
tion experimental forecasts, the simulated re ectivity for the 4 km hurricane simulation
depicts cells that are signi cantly larger and stronger than was observed. Operational
hurricane forecast models are not run at grid-spacings thatllow the explicit simulation
of convective cells - they use convective parameterizatianAs a result, the operational

forecasts do not resolve much of the banded convective strtiere and entirely miss the
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more-isolated and sometimes severe (tornado producing) ceective cells. Preliminary

comparisons of the operational forecasts and the ARW forecsls can be found in [42].

The convective cells and detailed structures in the convedte systems shown in
these forecasts cannot be compared directly with the obseations at the smaller scales
- a convective cell lifetime (and predictability timescale) is of order an hour while the
simulated time is many tens of hours. In these speci c examps, the bene t of explicitly
simulating convection is twofold - to gain insight into the character and severity of the
convection, and to better simulate the larger-scale e ectsof the convection, including the
vertical transport of heat, moisture, and momentum, the projection of these forcings on
the larger scale ow, and the surface precipitation. Whethe or not there are objective
or subjective bene ts of higher resolution, and their relative value versus the costs, are
guestions being addressed by current research and lead us é&xamine a number of less

traditional veri cation measures.

3.3 NWP Test: Statistical Measures of Solution Accuracy

Evaluations of high resolution NWP forecasts have been largly subjective because
the newly-appearing small-scale structures (e.g. convente cells) are not deterministi-
cally predictable. Traditional veri cation measures (such as RMS errors) are not mean-
ingful representations of the value and quality of the smalér-scale features resolved in
these forecasts because phase errors in these features leéadarge errors for these scales
in the traditional measures. Accessing the accuracy of modewumerics in NWP appli-
cations is further complicated in that model forecast errois are strongly a ected by de -
ciencies in model initial conditions and physics. We can, haever, look at the statistics
of the ow and determine whether the statistics related to the small-scale structures are
consistent with observations [1]. This provides an additimal perspective on veri cation
that addresses the realism of scales represented in the mddather than quantitative

accuracy, and allow an assessment of the scale selectivity dissipation in the model.
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Kinetic energy (KE) spectra for the x = 4 km spring-summer 2003 ARW exper-
imental forecasts were examined in [34]. The ARW spectra reqpduced the wavenum-
ber dependent transition fromk 3 ! k 573, wherek is the wavenumber, that was
observed and analyzed [27, 23]. The ARW results indicated tht the character of the
spectra and the transition was largely independent of heighin the free troposphere and
lower stratosphere. The ARW spectra also showed a sharp drap of energy at the high-
est wavenumbers, indicating where the lters in the model ae dissipating energy. The
sharp drop-o is not physical - the observed spectra continee to showk >3 behavior.
Model numerics do not correctly represent the smallest wavengths (2-6 x), and re-
moval of energy at these scales is appropriate and importanto prevent aliasing to the
well-resolved longer wavelengths. We discuss the Iters ath energy dissipation in models

in section 3.4.

Figure 8 depicts KE spectra for a two-week period from Januay 2005 taken from
a winter forecast experiment (DWFE, [4]) using the ARW model with  x = 5 km cov-
ering the continental United States. The KE spectra are computed using the approach
described in [34]. The winter season weather is charactemr by propagating baroclinic
waves as opposed to unstable deep convection characteristof the summer season. Even
with the di erent weather regimes, the winter-season specta are similar to the summer
season spectra. Both show th& 2 ! k 573 transition at a several hundred kilometer
wavelength and a lack of height dependence. There is also aatp dropo of energy at
wavelength of approximately 7 x 8 x consistent with the summer season forecast-

derived spectra [34].

Since the scale depth of the atmosphere is of order 10 km, thepsctral transition
and the mesoscale spectrum correspond to 2 dimensional owThere have been a num-
ber of hypotheses proposed to explain the transition and thanesoscale character of the
spectra (see [23] for a summary), but no conclusive evidendsas been presented to con-

rm any of the candidates. To gain additional insight into th e mesoscale spectra, we
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have decomposed the spectrum from a recent summer-seasondoast into rotational,
divergent, and deformational components. This is accompihed by decomposing the hor-
izontal velocity elds into a rotational component V , a divergent component V , and a

deformational component Vg , Where V=V +V +V 4. These velocities are de ned

as
V =k r
V = (43)
Vdef =V Vv V
where

I
>
W)
I
<

where Kk is the unit vector normal to the horizontal coordinate surface. Figure 9 depicts
the results of this decomposition. The energy is dominated ¥ energy in the rotational
modes for wavelengths above 400 km, and the rotational mode spectrum behaves
ask 2 in this region. Conversely, the divergent mode energy behas ask °=° at large
scales. For wavelengths less than 400 km, the rotational and divergent spectra both
possess & °3 character and have similar energy. This equal partitioningof the energy
is an unexpected result that may be due to the simple nature othe decomposition (43),
but the results clearly indicate that the divergent component of the energy plays a ma-
jor role in the spectral transition and the character of the mesoscale spectrum. Many
large-scale atmospheric models treat horizontally divergnt motions as noise and lter
them; those aspects of the formulations are not appropriat€for mesoscale simulation if
the models are to reproduce the correct velocity variance, mergy and enstrophy cascade,

and error growth.
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Lindborg [23] computed a number of di erent structure functions using wind mea-
surements from commercial aircraft. One of particular interest related to the turbulent

structures in the ow is the kurtosis,

(U u(r)?
(u uw(r)??’

wherer is the distance between the velocitiess, and | denotes the velocity component
oriented along the line separating the velocities. Figure @ shows the kurtosis computed
from observations [23] and from a summer season ARW forecastAt large scales both
asymptote to a value of approximately 3, which indicates tha the velocities have a Gaus-
sian distribution. However, the kurtosis increases dramaically in the mesoscale, indi-
cating strong intermittency in the ow. The transition to st rong intermittency occurs

at similar length-scales as the spectral transition tok °=2 behavior. Also, the shortest
wavelengths in the simulations are damped by the model lters, which produces a shal-

lower slope for wavelengths less than 7 x.

3.4 Turbulence and Energy Dissipation

As noted in the previous section, the ARW KE spectra exhibit a sharp dropo of
energy at the highest wavenumbers, indicating energy dispation by the model lters.
The downscale energy and enstrophy cascades present in atsgheric ows will lead to
the arti cial buildup (and re ection) of energy and enstrop hy at the gridscale in mod-
els if energy and enstrophy sinks are not used. It is also weknown that wavelengths
smaller than 6 x 8 x are not well resolved by gridpoint models. For example, in mat
integration schemes 2 x waves are stationary and have a group velocity with the wrong
sign on an unstaggered grid. These small wavelengths are csidered as noise in the so-
lutions and need to be Itered implicitly or explicitly.

For fully three-dimensional turbulence, large eddy simuldion (LES) provides for |-

tering of the small scales using a turbulence parameterizabn based on 3D turbulence
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theory [24]. In the atmosphere, LES modeling is used with gdspacings of a few hun-
dred meters or less, where the large eddies in the atmosphesge beginning to be re-
solved and an inertial subrange appears in the spectra. In ta NWP and research simu-
lation results from the previous sections for summer-seasoconvection, hurricanes and
winter forecasts, the turbulence is not fully three dimensonal. There is no theory to
guide subgrid Iter design for these scales, and the necessa ltering is usually accom-
plished in an ad-hoc manner based on a subjective determinain of when the short

waves (noise) have been su ciently damped while minimally damping the longer waves.

Skamarock [34] advocated using KE spectra to evaluate the daping properties of
the Iters and found that the KE spectra tails are quite sensitive to the lIter design, res-
olutions, and to a lesser extent weather regimes. Because tfis sensitivity, the ARW
model uses di erent Iters for di erent grid spacings, and f our di erent spatial Iters are
available in the ARW model that can contribute to signi cant energy dissipation. Pa-
rameterizations of turbulent mixing in the planetary bound ary layer mix only in the ver-
tical, and the theory on which they are based is valid when theeddies in the boundary
layer are not resolved ( x > O (1) km). This mixing does not directly damp noise with
horizontal structure. The ARW model possesses a traditiona3D LES subgrid model
that solves a prognostic turbulence energy equation [19] tht can be used at LES resolu-
tions ( x  O(100) m). The LES subgrid model has often been used with grigsacings
of O(1) km, but at these scales the theory on which it is based is nbvalid and it should
be considered more as a numerical Iter that depends on localind shear and buoyancy.
A second-order horizontal mixing formulation is also avaibble wherein the mixing co-

e cient is proportional to the horizontal deformation. Whi le the use of a horizontal-
deformation-based mixing coe cient suggests some ties to @irbulence in the ow, there

is no theoretical basis for this formulation and it should also be considered a purely nu-
merical Iter. As noted in section 2.4, the upwind-biased advection schemes in the ARW

solver also provide signi cant lItering of the small scales. The e ective hyperviscos-
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ity coe cient is proportional to the Courant number, hence i t is most active at higher
Courant numbers where phase errors are most likely to produe noise. For NWP ap-
plications, we have found that the horizontal mixing provided by the advection scheme
using the 5th order upwind-biased approximation is su cient to control small-scale noise
for grid spacings of x 10 km. For grid spacings 1 km X < 10 km, we use the
horizontal-deformation-based mixing to supplement that from the advection scheme.
Unstable convection is explicitly represented on the grid &these resolutions, and the
signi cant input of energy at the gridscale requires stronger Itering. This energy input
is handled in a deep-convection parameterization for gridsvith  x 10 km by remov-
ing the convective instability in vertical columns. Furthe r information on the ARW |-
ters can be found in [33].

The di erent dissipation mechanisms in the ARW solver are similar in nature to dis-
sipation schemes in other atmospheric NWP and research motke using a mix of both
physically based Iters and numerical lters. Our formulat ion does not represent a uni-
versal scheme - the available Iters are selected and tunedof grid resolutions and ow
regimes that, for ARW model applications, span grid spacing x from meters to hun-
dreds of kilometers. We know of no solvers that possess optiah solutions to the Itering
problem for all scales - an optimal formulation at one resoltion or regime often pro-
duces over or under damping at another. Su cient ltering of the smallest, poorly re-
solved scales, along with model energetics as representad KE spectra, are important

measures of Itering robustness and optimality.

4. Summary

The ARW model is the rst fully compressible conservative form nonhydrostatic
atmospheric model designed for both research and operatiah NWP applications. The
integration scheme uses time-splitting to handle meteoradgically-insigni cant acoustic

modes. The time-splitting allows for e cient integrations for the low-Mach-number ows
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characteristic of atmospheric ows, and the e ciency of the time-splitting scheme is
maintained across a wide range of scales, from synoptic ses where ( x  O(100) km),

to LES scales where ( x  meters). The scheme uses a third order Runge-Kutta scheme
to integrate the slow modes in the Euler equation solver. Thespatial discretization uses
higher order (5th) di erencing for advection and 2nd order centered C-grid di erencing
elsewhere. The vertical coordinate used in the model is the ass (or hydrostatic pres-
sure) coordinate proposed by [20]. The irregular lower boudary of the earth is handled

by using the standard terrain-following representation ofthe mass coordinate.

The mixed order in spatial discretization is justi ed by the ability of solver to accu-
rately resolve atmospheric structures at resolution limits ( 6 x 8 x). Gravity current
test cases comparing 5th order advection solutions with semd order advection solutions
show the advantage of using a high order (5th) spatial approknation in the advection

solver.

Example NWP forecasts for severe storms and hurricanes demetrate the robust-
ness of the solver where deep unstable convection is expligi simulated. Using coarse
grid spacings for explicit-convection simulations ( x = 4 km), realistic convective struc-
ture is evident in the forecasts. One of the primary reasonsdr using fully compressible
nonhydrostatic solvers in NWP is that they allow explicit re presentation of structures
previously parameterized (e.g. deep convection). Higherasolution produces better con-
vective system-scale structure and forecasts of these syshs than models using com-
pletely parameterized convection, even though the convedte cells are not deterministi-

cally predictable in the high-resolution forecasts.

The robustness and e ciency of solvers is critically depencaent on the Iters for sub-
grid-scale turbulence contained within the solvers. The spctra and kurtosis show the
resolution limits of the model and the truncation of the smallest scales on the model
grid. These lters may be explicit or implicit within the sol ver design, and the ARW for-

mulation uses both - an implicit 6th order Iter built into th e 5th-order upwind biased
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advection scheme, and various other explicit Iters that are used in di erent applica-
tions. Filter design for resolutions coarser than LES scale ( x > 10's meters) does not

have a solid theoretical basis and is necessarily an importd development area.
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Figure 1. Schematic of the terrain following coordinate.

35



Begin Time Step
Begin RK3 Loop: Steps 1, 2, and 3
(1) If RK3 step 1, compute and store F

(i.e., physics tendencies for RK3 step, including mixing).
(2) Compute RHS of (19)-(24).
Begin Acoustic Step Loop: Steps 1! n,

RK3 step1,n =1, = t=3
RK3 step 2,n = ng=2, =  t=ng;
RK3 step 3,n = ng, = t=n;.

(3) Advance harizontal momentum using (19) and (20).
(4) Advance (21), compute %07
then advance using (22).
(5) Advance W and (23) and (24).
(6) Diagnosep®and “using (16) and (17).
End Acoustic Step Loop
(7) Advance scalars over the RK3 substep
using mass uxesU, V and
time-averaged over the acoustic steps.
(8) Compute °and p° using (12) and (10)
and the updated prognostic variables.
End RK3 Loop
(9) Compute non-RK3 physics (currently microphysics)
and advance variables.
End Time Step

Figure 2: The time-split ARW integration sequence.
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Figure 3: Horizontal (left) and vertical (right) staggerin g for the C-grid.

Potential Temperature (c.i. = 1 K), T = 15 min
5th order upwind advection 2nd order centered advection
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horizontal distance (km)

Figure 4: 5th order and 2nd order advection operator solutims for the Straka [37] grav-
ity current test case. The timesteps used in these simulatios are 0.5, 1, 2 and 4 seconds
on the 50, 100, 200 and 400 meter grids, respectively.
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Translating density Current, U = 20 m/s
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Figure 5: Straka [37] test case with a translating solution wing 2nd and 5th order ad-
vection operators.
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(a) obsewations (b) 23 h ARW f@cast Dx =4 km

(d) 23 h ARWforecastDx =1 km

10 20 30 40 50 60 70
(c)23 h RWforecastDx =2 km reflectivity (dBZ)

Figure 6: A Line of supercells thunderstorms at 23 UTC 30 May ®03. (a) Observed
radar re ectivity. (b) 23 h forecast from the ARW WRF model us ing x =4 km, (c) 23
h forecast using x =2 km, (d) 23 h forecast using x =1 km.
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(a) Obseved reflectivity (b) & h ARW forecaseflectivity, Dx = 4 km
Mobile, Aabama radar

10 20 30 40 50 60 70
reflectivity (dBZ)

Figure 7: (a) Observed radar re ectivity for hurricane Katr ina making landfall at 14
UTC 29 August 2005. (b) A 62 h ARW forecast valid at that time using x =4 km.
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Figure 8: Kinetic energy spectra from ARW model averaged ove7-25 January 2005
DWEFE forecasts for the continental U.S. The 24, 27, 30, 33, 3639, 42, and 45 h forecast
spectra were averaged for each daily forecast in this periodThe ARW forecasts were
produced using x =5 km.
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Figure 9: Decomposed kinetic energy spectra for a spring-ason forecast over the conti-
nental U.S. The forecasts were produced using the ARW with x =4 km.
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Figure 10: Kurtosis from observations during the MOZAIC program [23] and from spring
forecasts for 1-3 June 2003 over the continental U.S. usinghe ARW mode with x =4
km.
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