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Basic concept of ensemble prediction
Ensemble prediction estimate not only the most 
likely state but also its uncertainty.
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Data	assimila)on	(DA)		

A	numerical	model	at	
the	gridded	points		

•  High	dimensional	problem:	Nx ~ O(106 – 108) for model states x 
•  Not	enough	observa)ons	to	define	the	state	x	uniquely 
•  Highly	underdetermined	system	(an	ill-posed	problem):	Nx >> Ny 

Observa)ons	unevenly	distributed	in	space	and	)me	



The	Data	Assimila)on	Process	

•  Both	observa)ons	and	a	numerical	model	contain	errors.	How	can	we	
combine	the	two	(properly	weigh)ng	the	errors)	to	yield	the	best	possible	
es)mate	of	the	fluid	mo)ons?	

•  How	can	we	propagate	the	observed	informa)on	through	the	system?	
•  How	can	we	update	unobserved	model	states	from	an	observed	variable?	

Data	acquisi)on	

Preprocessing		
(QC,	thinning,	etc.)	
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(analysis)	 Forecast	
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Previous	forecast	

Observa)on	 Model	



The	ingredients	for	a	challenging	problem	
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Bayesian	data	assimila)on	

 
 
 
 
 
Observations at discrete times 
 
 
Complete history of observations  
 
 
Assume Gaussian errors in both model states and observations 

 

xtrue = xb + ε b; xt , xb , ε b ∈n

with covariance Ε ε b (ε b )T⎡⎣ ⎤⎦ = P
b

yk = h(xk ,tk )+ ε k
o where k = 0,1, 2,... and tk+1 > tk

Yτ = {yk;tk ≤ τ}

ε k
o → N(0,R); ε b → N(0,Pb )

xt+1 = Mxt +ηt , ηtηt
T =Q

unknown	 forecast	



Bayesian	data	assimila)on	(cont’d)	

Goal:	Find	probability	distribu)on	for	state	(xt)	at	)me	t		

/home/jla/dart/asp_seminar/slides1.fm March 18, 2002

Nonlinear Filtering (cont.)

Probability after new observation

(10)

Second term in numerator, denominator comes from DE
First term comes from distribution of observational error
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A	DA	system	properly	combines	informa)on	from	disparate	sources	–	prior	
distribu)on,	observa)on	likelihood,	and	the	rela)onship	between	the	two.		
	

è Analysis:	A	solu)on	to	Bayesian	rela)onship	for	condi)onal	probabili)es,	
which	maximizes	the	posterior	probability	distribu)on	

è Uncertainty	(error):	a	measure	of	its	variability	

“Posterior”	 “Prior”	

p(xt |Yt )∝ p(yt | xt )p(xt |Yt−1)



Kalman	filter	formula)on	
Simplifications: 
1. Linearization of model around non-linear control trajectory 
2. Error distributions assumed Gaussian 
	

•  Covariance	propaga)on	step	Pta	->	Pt+1b	
too	expensive	

•  S)ll	need	tangent	linear/adjoint	models	
for	evolving	covariances,	linear	error	
growth	assump)on	ques)onable.	

	

xa = xb +K(y −Hxb )
K = PbHT (HPbHT +R)−1

Pa = (I−KH)Pb

Pt+1
b =MPaMT +Q
xt+1
b =Mxa

a:	analysis,	b:	background	(forecast)	



Kalman	filter	formula)on	
•  Op)mal	for	a	linear	forecast	model,	Gaussian	prior	and	observa)on	

error	distribu)ons,	and	Gaussian	observa)on	likelihood	
Ensemble	Kalman	filter		

•  Covariance	propaga)on	step	Pta	->	Pt+1b	
too	expensive	

•  S)ll	need	tangent	linear/adjoint	models	
for	evolving	covariances,	linear	error	
growth	assump)on	ques)onable.	

	

•  Huge	Pb	is	never	explicitly	formed.	
•  Model	integra)on	using	a	fully	

nonlinear	model	

xa = xb +K(y −Hxb )
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a:	analysis,	b:	background	(forecast)	



A community facility for ensemble data assimilation 
developed and maintained by the Data Assimilation 

Research Section (DAReS) at NCAR 

www.image.ucar.edu/DAReS/DART/index.php	



Ensemble	state	at	)me	
of	next	observa)on	
(prior) 

Ensemble	state	es)mate,	x(tk),	a`er	
using	previous	observa)on	(analysis) 

1. Use	model	to	advance	ensemble	(3	members	here)	to	)me	at	
which	next	observa)on	becomes	available. 

How	an	Ensemble	Filter	Works	
Theory: Impact of observation on each state variable can be handled 
sequentially. 



2.	Get	prior	ensemble	sample	of	observa)on,	y	=	h(x),	by	applying	
forward	operator	h	to	each	ensemble	member. 

Theory:	observa)ons	from	
instruments	with	uncorrelated	
errors	can	be	done	
sequen)ally.	

Ensemble	Filter	For	Large	Geophysical	Models		



3.	Get	observed	value	and	observa)onal	error	
distribu)on	from	observing	system.	

Ensemble	Filter	For	Large	Geophysical	Models		



4.	Compute	the	increments	for	the	prior	observa)on	ensemble	
(this	is	a	scalar	problem	for	uncorrelated	observa)on	errors). 

Note:	Difference	between	various	
ensemble	filters	is	primarily	in	
observa)on	increment	calcula)on. 

Ensemble	Filter	For	Large	Geophysical	Models		



5.	Use	ensemble	samples	of	y	and	each	state	variable	to	linearly	
regress	observa)on	increments	onto	state	variable	increments. 

Theory:	impact	of	observa)on	
increments	on	each	state	variable	

can	be	handled	independently 

Ensemble	Filter	For	Large	Geophysical	Models		



6.	When	all	ensemble	members	for	each	state	variable	are	
updated,	there	is	a	new	analysis.	Integrate	to	)me	of	next	

observa)on	… 

Ensemble	Filter	For	Large	Geophysical	Models		



Issues	in	ensemble	data	assimila)on	

1.  Sampling	error	<-	localiza)on	and	infla)on	
					:	This	is	a	unique	problem	in	ensemble	DA.	
2.  Non-Gaussianity	and	non-linearity	in	prior	distribu)on	and	

observa)on	likelihood	
3.  Observa)on	error	specifica)on	
					:	instrument	error	+	forward	operator	error	+	representa)ve	error	
4.  Model	uncertainty	in	the	numerical	modeling	system	
	

100 J.L. Anderson / Physica D 230 (2007) 99–111

Gaussian-like function and tuning the width of this function
works very well for many applications. Matters are more
complicated in large, multivariate, multidimensional models
for atmospheric and oceanic prediction. While many large
ensemble filter applications have localized observation impact
in the horizontal by a two-dimensional Gaussian-like function,
vertical localization has been more challenging [6]. Limiting
multivariate impacts, for example the impact of a temperature
observation on a wind observation, is also an issue and has
received limited study. Observations taken at times different
from the model time can also require temporal localization.
Questions like: “how should the impact of a radar reflectivity
observation from a particular beam angle at 0045 GMT be
allowed to impact a model temperature variable located 150
km north of the radar at 300 hPa at 0100 GMT?” [7] need to
be addressed in a systematic fashion.

Here, ensemble filtering algorithms are derived as a Monte
Carlo approximation to the Bayesian filtering problem [8,9].
Localizing observation impacts on state variables is related to
sampling errors in the ensemble filter. A hierarchical Monte
Carlo method, in which an ensemble (group) of ensemble
assimilations is performed, can estimate these sampling errors.
In one-dimensional models, results can be similar to the
methods already in use although the new method can estimate
the width for Gaussian-like localizations. In large multivariate
models, computed localization functions are often non-
Gaussian and would be difficult to approximate a priori. The
hierarchical Monte Carlo method may enhance performance
in realistic atmospheric and oceanic assimilation/prediction
applications. Short assimilations with a hierarchical filter can
be used to provide localization functions for traditional filters
for users that are not assimilation or modeling experts. The
localization information from the hierarchical filters can then be
used to give good performance in small traditional ensembles.
Further research is needed to evaluate whether it is ever efficient
to use limited computing resources to run a group filter, as
opposed to a correspondingly costly larger traditional filter, in
real assimilation applications. For now, the hierarchical filters
presented here should simply be viewed as a tool for finding
appropriate localizations for traditional filter assimilations.

2. Sources of error in ensemble filters

Most key works in the ensemble (Kalman) filtering literature
start from the classical Kalman filter [10,11]. Anderson [12]
presented an alternative, starting from Bayesian filtering [8]
and describing ensemble filtering as the impact of a single
observation on a single state variable without loss of generality.

Fig. 1 depicts an ensemble filter implemented in this way.
First, a model advances a sample (ensemble) of state estimates
from a previous time, tk , to the time, tk+1, when the next
observation is taken (step 1); dashed lines represent model
trajectories. A forward operator, H, is applied to each prior
state estimate to obtain a prior sample estimate of the observed
variable, y (step 2). The observed value, yo, and observational
error distribution (gray density superposed on the y-axis) come
from the instrument (step 3). The prior sample and observation

Fig. 1. Schematic representation of the implementation of the ensemble filter
used here with possible error sources marked by numbers 1 through 5.

are combined giving an updated sample estimate of y (thin
ticks on y-axis) and corresponding increments (vectors below
y-axis) (step 4). The details of step 4 distinguish most ensemble
(Kalman) filter variants [13–15]. Finally, the prior joint sample
of y and a state variable, xi , are used to compute corresponding
increments for each sample of the state variable (vectors at the
end of dashed model trajectories at tk+1) (step 5). Usually this
is done using linear regression (this is implicit in Kalman filter
derivations of ensemble methods). When linear regression is
used, each state variable can be updated independently [12] to
give a sample of the model state vectors conditioned on the
observation.

Errors can be introduced at each step. Model error [16,17],
including the fact that model sub-grid scale parameterizations
are often not stochastic [18], is introduced in step 1. Forward
operators, H, in step 2 are rife with error sources including
time and space interpolation errors, representativeness errors,
etc. Step 3 introduces errors in retrieving and transmitting
observations from instruments and the use of often poorly
known instrumental error distributions. Algorithms for step
4 generally approximately model the prior distribution (a
Gaussian assumption is most common) and make additional
approximations when computing the updated conditional
probability. Sampling error from small ensembles is also an
issue here. Finally, in step 5 the model-generated relationship
between observation and state variables can differ from the
relation in the physical system. Errors are also introduced
by assuming a linear relation between the observation and
state variable increments. Sampling error in linear regression
in step 5 can be the dominant source of error in the whole
filtering procedure. This paper focuses on ways to minimize
this regression sampling error. Sampling error in step 4 can be
addressed in a similar fashion but is not addressed here.

3. Dealing with regression error in ensemble filters

There are many ways to deal with sampling errors in
the regression step (or observation increment step) of an
ensemble filter. The first is to ignore them (and treat results
with less confidence). Although simple cases in low order
models (Section 5) can work when ignoring sampling error, this
approach often fails because filters diverge from the true state
of the system.

Anderson	(2007)	



Model	uncertainty	in	the	ensemble	predic)on	system	

q Typically	underdispersive		

	 Ensemble	mean	error	grows	faster	than	
ensemble	spread	
Ø  Ensemble	forecast	is	overconfident	
Ø  Underdispersion	is	a	form	of	model	

error	
	
Forecast	error	=	ini)al	error	+	model	
error	(+	boundary	error)	
	
	
If	we	want	to	improve	the	accuracy	and	
reliability	of	our	ensemble	system,	we	
should	simulate	model	uncertain)es.	

Solid	lines:	Ensemble	mean	error	
Dooed	lines:	Ensemble	spread	

Buizza	et	al.	2005	

500hPa	geopoten)al	height	over	the	
Northern	Hemisphere	(May-Jul	2002)	



What	are	the	sources	of	model	uncertain)es?	

q  Approxima)ons	and	assump)ons	in	the	construc)on	of	a	
numerical	model	of	the	physics	laws	
o  Land-surface	parameteriza)on	
o  Boundary-layer	parameteriza)on	
o  Convec)ve	parameteriza)on	
o  Microphysical	parameteriza)on	
o  Short-	and	long-wave	radia)on	schemes	

q  Insufficient	grid	spacing;	sub-grid	scale	uncertain)es	

q  Systema)c	model	error	(e.g.,	bias)	is	a	cri)cal	factor	in	both	
ensemble	analyses	and	forecasts,	but	we	do	not	discuss	about	
that	here.	

ECMW
F	



How	can	we	account	for	model	uncertain)es?	

q The	uncertainty	should	be	represented	at	its	source	
q Mul)-model,	mul)-physics,	and	mul)-parameter	ensemble	
q Stochas)c	parameteriza)ons		

o  Use	determinis)c	parameteriza)on	schemes,	but	stochas)cally	perturb	
mean	states.			

o  SKEBS	(Stochas)c	Kine)c	Energy	Backscaoer	Scheme;	Shuos	2005),	SPPT	
(Stochas)cally	perturbed	parameteriza)on	tendencies;	Buizza	et	al.	
1999),	SPP	(Stochas)c	parameter	perturba)on;	Jankov	2017),	etc.	

© ECMWFWS on Model Uncertainty (11 Apr 2016) - Roberto Buizza: Weather prediction in a world of uncertainties:….. 14

2. The ECMWF operational ensemble (ENS) today

Each ensemble forecast is given by the time integration of perturbed 
equations
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SPPT: Stochastically Perturbed Parameterized Tendencies
(to represent uncertainty associated with parameterisations)

SKEB: Stochastic Kinetic Energy Backscatter
(to represent unresolved upscale energy transfer)
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Each ensemble forecast is given by the time integration of perturbed 
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Model	error	representa)on	in	the	cycled	analysis	system	

●  Ensemble	analysis/forecast	
cycling	using	WRFV3.3/DART	

●  45/15-km	in	a	two-way	nes)ng,	
41	levels	up	to	50	hPa	

● One-month	period	of	June	2008	
at	3-h	intervals	

●  EAKF	assimila)on	w/	covariance	
localiza)on	radius	of	600/8-km	
(H/V)	

Soyoung	Ha,	Judith	Berner	and	Chris	Snyder:	A	comparison	of	model	error	
representa)ons	in	mesoscale	ensemble	data	assimila)on	(Mon.	Wea.	Rev.	2015)	



Cycling	experiments	w/	model	error	techniques	

•  CNTL	w/	adap)ve	infla)on	only	
•  SKEB:	CNTL	+	SKEBS	
•  PHYS:	CNTL+	mul)-physics	
	
	

1 and 2 in most surface fields although the improve-
ments relative to CNTL tend to be slightly larger on the
finer mesh. Among the observation types, surface al-
timeter shows the biggest improvement frommodel error
representation—PHYS improves the surface altimeter
simulation over domain 1 by;8%, while SKEB is better
than CNTL more than 20% over domain 2. SKEB out-
performs CNTL in all surface fields, improving 2-m
temperature more than 10-m winds in 3-h forecast, but
PHYS is slightly worse than CNTL in surface wind fields,
especially in domain 1. As neither of the model error
techniques is tuned to maximize the impact on particular
fields, a larger benefit of the model error schemes in
surface temperature or altimeter than in horizontal wind
can be interpreted as a larger sensitivity (or response)
where the model error is more pronounced.

To evaluate how much uncertainty is actually repre-
sented in ensemble forecasts, prior ensemble spread
from each experiment is compared in Fig. 8. For this
particular summer month, PHYS consistently produces
the largest ensemble spread in all surface fields except
for surface altimeter setting where SKEB produces al-
most double the spread of PHYS. We show all the time
series plots only for common observations between the
experiments, but when we check the total number of
surface altimeter observations actually used for both
assimilation (e.g., METAR) and verification (e.g.,
mesonet), we find that CNTL rejects a lot of observa-
tions because of insufficient ensemble spread. As a re-
sult, CNTL uses only ;60% of the observations that
are used in the other two experiments, leading to sig-
nificantly poor forecasts in surface altimeter.

FIG. 4. The 12-h forecast ensemble spread with (‘‘SKEB’’) and without (‘‘NO_SKEB’’) the stochastic forcing
valid at 0600 UTC 9 Jun 2008. The spread (as standard deviation) of horizontal wind speed at 700 hPa larger than
2m s21 is contoured every 1m s21, while the one of temperature at 700 hPa greater than 0.2K is colored.

TABLE 2. Physics combinations for the PHYS ensemble.

Physics suite Surface Microphysics PBL Cumulus LW SW

1 Thermal Kessler YSU KF RRTM Dudhia
2 Thermal WSM6 MYJ KF RRTM CAM
3 Noah Kessler MYJ BM CAM Dudhia
4 Noah Lin MYJ Grell CAM CAM
5 Noah WSM5 YSU KF RRTM Dudhia
6 Noah WSM5 MYJ Grell RRTM Dudhia
7 RUC Lin YSU BM CAM Dudhia
8 RUC Eta MYJ KF RRTM Dudhia
9 RUC Eta YSU BM RRTM CAM
10 RUC Thompson MYJ Grell CAM CAM

OCTOBER 2015 HA ET AL . 3899



Model	error	representa)on:	Adap)ve	infla)on	

•  A	spa)ally	and	temporally	varying	covariance	infla)on	
es)mated	using	a	Bayesian	algorithm	to	deal	with	various	
sources	of	error	such	as	sampling	error	and	model	error	at	
the	analysis	step	(Anderson	2009)	

•  Large	infla)on	is	needed	to	account	for	model	error	in	regions	
where	dense	observa)ons	reduce	ensemble	spread	the	most.		

Inflate	prior	 Ha	et	al.	(MWR	2015)	



Model	error	representa)on:	Stochas)c	kine)c	energy	
backscaoer	scheme	(SKEBS)	

ECMWFWorkshop on Flow Dependent Background Errors    ECMWF 11-13 June 2007 5

Judith Berner’s Spectral Backscatter Scheme
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Ra)onale:	A	frac)on	of	the	dissipated	energy	is	scaoered	
upscale	and	acts	as	streamfunc)on	forcing	for	the	resolved-scale	
flow.		

Characteris)cs	

•  Stochas)c	(addi)ve	noise)	
•  Spa)al	and	temporal	correla)ons	
•  Control	over	wavenumber	forcing	

allows	scale	selec)on	
•  Flow-dependent	(weigh)ng	with	

dissipa)on	rates)	
•  Injects	energy	in	the	regions	of	

large	dissipa)on,	which	
corresponds	to	the	regions	of	
large	model	error		



Model	error	representa)on:	SKEBS	(cont’d)	

•  To	represent	unresolved	upscale	energy	transfer,	stochas)c,	small-
amplitude	perturba)ons	are	added	to	the	rota)onal	component	of	
horizontal	wind	and	poten)al	temperature	tendency	equa)ons	at	each	
)me	step.		

•  A	random	paoern	is	created	in	spectral	space	and	each	wavenumber	
separately	evolves	as	a	first-order	autoregressive	process	

•  A	simplified	version	with	constant	dissipa)on	rate	can	be	considered	as	
addi)ve	noise	with	spa)al	and	temporal	correla)ons.	

∂X
∂t total

= ∂X
∂t dynamics

+ ∂X
∂t physics

+ ∂X
∂t stoch

Local	tendency	
for	variable	X	

Dynamical	tendencies	
=>	Resolved	scales	

Physical	tendencies		
=>	Unresolved	scales	

Stochas)c	perturba)on	tendencies		
=>	Unresolved	scales	

the spread–error ratio in Table 1, even after inflation,
the predicted mean error is still underestimated in the
sample ensemble forecast for most surface variables
(e.g., totsprd/rmsi , 1). In other words, the ensemble
system is still underdispersive and the EnKF analysis
and the following forecasts can be further improved by
taking model uncertainty into account. Based on the
test, we employ explicit model error techniques on top
of the inflation. As we want to examine the actual in-
crease of ensemble spread by the model error repre-
sentation, we compare the forecast ensemble spread
before the inflation is applied unless it is noted differ-
ently for the rest of the paper.

3. Model error techniques

To explicitly represent model uncertainty, we employ
SKEB and multiple suites of physical parameterization
(PHYS) in the forecast ensemble. As we strive to
investigate the benefit from the explicit model error
representation in the standard (or most common) WRF-
DART configuration, we implement those two schemes
in addition to the adaptive inflation. Except for themodel
error representation, all the experiments use the same
filter design and assimilate the same observations in the
same model configuration as in Ha and Snyder (2014).
Thus, only the configurations for the model error repre-
sentation are described in detail in this section.

a. Stochastic kinetic energy backscatter ensemble

Stochastic parameterizations can efficiently increase
ensemble spread by injecting stochastic forcing for each
ensemble member. For this purpose, we employ a sto-
chastic kinetic energy backscatter scheme that adds
stochastic, small-amplitude perturbations to the rota-
tional component of horizontal wind and potential
temperature tendency equations at each time step. A
random pattern is created in spectral space and each
wavenumber separately evolves as a first-order autore-
gressive process:

c0
k,l(t1Dt)5 (12a)c0

k,l(t)1 g
k,l

ffiffiffi
a

p
!
k,l(t): (1)

FIG. 2. A time series of 2-m temperature in terms of root-mean-square (rms) innovations (thick solid lines) and
ensemble spread (thin dashed lines) in control simulation with (‘‘Inflation’’ in black) and without adaptive inflation
(‘‘No_inflation’’ in gray), verified against unassimilatedmesonet observations over domain 1. Both posterior (lower
points) and prior observations (higher points) were put together at each cycle making a sawtooth pattern for a
10-day test period. The rms innovations were averaged over the cycles to be annotated for both posterior (‘‘po’’)
and prior (‘‘pr’’) in the legend.

TABLE 1. RMS innovations (‘‘rmsi’’), total spread (‘‘totsprd’’),
and their ratio (5totsprd/rmsi) of 3-h ensemblemean forecasts that
are averaged over all common mesonet stations between two ex-
periments with (‘‘Infl’’) and without adaptive inflation (‘‘NoInfl’’)
in domain 1 for a test period of the first 10 days of June 2008.

U10 (m s21) V10 (m s21) T2 (K) Td2 (K)

Infl NoInfl Infl NoInfl Infl NoInfl Infl NoInfl

rmsi 2.16 2.18 2.14 2.17 1.99 2.06 2.11 2.27
totsprd 1.59 1.54 1.60 1.54 1.57 1.53 1.98 1.91
totsprd/
rmsi

0.74 0.70 0.75 0.71 0.79 0.74 0.94 0.84
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Model	error	representa)on	in	the	EnKF	cycling	

xa = xb +K(y −Hxb )
K = PbHT (HPbHT +R)−1

PbHT = 1
N −1

(
i=1

N

∑ xi
b − xi

b )(Hxi
b −Hxi

b )T

HPbHT ≡ 1
N −1

(
i=1

N

∑ Hxi
b −Hxi

b )(Hxi
b −Hxi

b )T

xi
b(t +1) = M (xi

a )+Qi , i =1, ..., N

xi, j
inf = λ (xi, j − x j )+ x j , i =1, ..., N; j =1, ..., S

Infla)on	factor	

A	fully	nonlinear	model	 Model	error	



Model	error	representa)on	in	the	EnKF	cycling	

In	the	cycling	DA,	represen)ng	model	uncertain)es	
(in	PHYS	and	SKEB)	improves	ensemble	forecasts	
determinis)cally	and	probabilis)cally,	verified	
against	independent	observa)ons.		

each experiment (solid lines) along with the prior spread
(dashed lines) in domain 2 for four different variables.
For sounding observations, we employ observation er-
ror variances taken from the Gridpoint Statistical In-
terpolation (GSI) analysis system (Kleist et al. 2009),
which vary by pressure levels. For example, the obser-
vation error standard deviation of horizontal wind
ranges from 1.4 to 3.2m s21, with a maximum at 250 hPa.
To focus on the differences between experiments (which
use the same observation error), we plot ensemble
spread instead of total spread in Fig. 10. At all levels,
SKEB shows the largest spread and CNTL the least,
except in dewpoint where all three experiments are
comparable. Wind innovations in SKEB and PHYS are
statistically significantly different from CNTL only at a
couple of pressure levels at the 95% confidence level.
Temperature forecast errors in SKEB and PHYS are
also similar to each other, but clearly better than CNTL,
while moisture was hard to improve with the specific
model error techniques throughout the atmosphere. Ha

and Snyder (2014) demonstrated that the quality of the
moisture analysis is rather sensitive to the specification
of observation error in their mesoscale application. The
influence of SKEB on moisture is also indirect since the
stochastic forcing is applied only to streamfunction and
potential temperature.

b. Probabilistic forecast verification

To determine if the model error representation
can result in better probabilistic performance, we com-
pute the Brier score (BS) and the Brier skill score (BSS)
of 3-h ensemble forecasts with respect to sounding data
for the month of June 2008. For the common observa-
tions o between the experiments, we first compute the
time mean mo and the standard deviation so of the ob-
servation at each location for the month-long period.
Because the sounding data are available twice daily,
every day, the total number of forecast samples or cy-
cles, nfcst, is 60:

m
o
5

1

nfcst
!
nfcst

i51
o(i) , (3)

FIG. 7. The improvement (%) of forecast error in SKEB and
PHYS over the one in CNTL for both domains (top) 1 and (bot-
tom) 2 in various surface fields. The rms innovations are computed
against mesonet observations and averaged over the month-long
cycles. Positive means an improvement relative to CNTL in the 3-h
ensemble mean forecast.

FIG. 8. As in Fig. 6, but for the 3-h ensemble prior spread.
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mostly offers a small improvement over PHYS. These
differences largely come from improvements in the re-
liability component of the Brier score (not shown).
The BSS gives the skill of an ensemble forecast with

respect to a reference:

BSS
x
5

BS
ref

2BS
x

BS
ref

, (6)

where x is SKEB or PHYS. For a perfect forecast the
BSS will be 1, while zero indicates no improvement over
the reference forecast. Since we are interested in the
performance of different ensemble experiments com-
pared to that of the baseline experiment, we chose
CNTL as a reference. As shown in Figs. 11c and 11d,
both SKEB and PHYS show better probabilistic skills
than CNTL at all levels thanks to larger ensemble
spread. In the same sounding verification for the me-
ridional wind and dewpoint, both model error ap-
proaches produce better probabilistic skills than the

control run except for dewpoint forecast in SKEB at
925 hPa, which is not statistically significant (not shown).

c. Extended forecast verification

Now we examine how long the positive impact of
model error techniques can last. For that, we take the
ensemble mean analysis from 0000 and 1200 UTC cycles
every other day for the same month and run a de-
terministic forecast for 72 h to be verified against ob-
servations and gridded analyses.

1) VERIFICATION AGAINST OBSERVATIONS

With respect to surface METAR observations, fore-
cast rms errors of each experiment are computed over
the whole CONUS domain (e.g., domain 1) and shown
for the first 24 h in Fig. 12. In CNTL, surface wind error
grows quickly from 1.56 to 2.2m s21 over the first 12 h,
then slowly increases up to 2.4m s21 by 72 h, while the
surface temperature error starts from 2.2K and gradu-
ally increases to ;3K at the 72-h forecast. At the

FIG. 11. Brier scores of the 3-h ensemble forecast in (a) uwind and (b) temperature and the BSS differences from
CNTL in (c) u wind and (d) temperature for the event that is higher than one standard deviation from the time-
mean observations (e.g., bin1: f .mo 1so). Note that the x axis is reversed to show a better performance to the
right. SKEB is marked in red, while PHYS is blue. Filled dots indicate that the experiment is statistically different
from CNTL at 95% confidence intervals.

OCTOBER 2015 HA ET AL . 3903

mostly offers a small improvement over PHYS. These
differences largely come from improvements in the re-
liability component of the Brier score (not shown).
The BSS gives the skill of an ensemble forecast with

respect to a reference:

BSS
x
5

BS
ref

2BS
x

BS
ref

, (6)

where x is SKEB or PHYS. For a perfect forecast the
BSS will be 1, while zero indicates no improvement over
the reference forecast. Since we are interested in the
performance of different ensemble experiments com-
pared to that of the baseline experiment, we chose
CNTL as a reference. As shown in Figs. 11c and 11d,
both SKEB and PHYS show better probabilistic skills
than CNTL at all levels thanks to larger ensemble
spread. In the same sounding verification for the me-
ridional wind and dewpoint, both model error ap-
proaches produce better probabilistic skills than the

control run except for dewpoint forecast in SKEB at
925 hPa, which is not statistically significant (not shown).

c. Extended forecast verification

Now we examine how long the positive impact of
model error techniques can last. For that, we take the
ensemble mean analysis from 0000 and 1200 UTC cycles
every other day for the same month and run a de-
terministic forecast for 72 h to be verified against ob-
servations and gridded analyses.

1) VERIFICATION AGAINST OBSERVATIONS

With respect to surface METAR observations, fore-
cast rms errors of each experiment are computed over
the whole CONUS domain (e.g., domain 1) and shown
for the first 24 h in Fig. 12. In CNTL, surface wind error
grows quickly from 1.56 to 2.2m s21 over the first 12 h,
then slowly increases up to 2.4m s21 by 72 h, while the
surface temperature error starts from 2.2K and gradu-
ally increases to ;3K at the 72-h forecast. At the

FIG. 11. Brier scores of the 3-h ensemble forecast in (a) uwind and (b) temperature and the BSS differences from
CNTL in (c) u wind and (d) temperature for the event that is higher than one standard deviation from the time-
mean observations (e.g., bin1: f .mo 1so). Note that the x axis is reversed to show a better performance to the
right. SKEB is marked in red, while PHYS is blue. Filled dots indicate that the experiment is statistically different
from CNTL at 95% confidence intervals.

OCTOBER 2015 HA ET AL . 3903

mostly offers a small improvement over PHYS. These
differences largely come from improvements in the re-
liability component of the Brier score (not shown).
The BSS gives the skill of an ensemble forecast with

respect to a reference:

BSS
x
5

BS
ref

2BS
x

BS
ref

, (6)

where x is SKEB or PHYS. For a perfect forecast the
BSS will be 1, while zero indicates no improvement over
the reference forecast. Since we are interested in the
performance of different ensemble experiments com-
pared to that of the baseline experiment, we chose
CNTL as a reference. As shown in Figs. 11c and 11d,
both SKEB and PHYS show better probabilistic skills
than CNTL at all levels thanks to larger ensemble
spread. In the same sounding verification for the me-
ridional wind and dewpoint, both model error ap-
proaches produce better probabilistic skills than the

control run except for dewpoint forecast in SKEB at
925 hPa, which is not statistically significant (not shown).

c. Extended forecast verification

Now we examine how long the positive impact of
model error techniques can last. For that, we take the
ensemble mean analysis from 0000 and 1200 UTC cycles
every other day for the same month and run a de-
terministic forecast for 72 h to be verified against ob-
servations and gridded analyses.

1) VERIFICATION AGAINST OBSERVATIONS

With respect to surface METAR observations, fore-
cast rms errors of each experiment are computed over
the whole CONUS domain (e.g., domain 1) and shown
for the first 24 h in Fig. 12. In CNTL, surface wind error
grows quickly from 1.56 to 2.2m s21 over the first 12 h,
then slowly increases up to 2.4m s21 by 72 h, while the
surface temperature error starts from 2.2K and gradu-
ally increases to ;3K at the 72-h forecast. At the

FIG. 11. Brier scores of the 3-h ensemble forecast in (a) uwind and (b) temperature and the BSS differences from
CNTL in (c) u wind and (d) temperature for the event that is higher than one standard deviation from the time-
mean observations (e.g., bin1: f .mo 1so). Note that the x axis is reversed to show a better performance to the
right. SKEB is marked in red, while PHYS is blue. Filled dots indicate that the experiment is statistically different
from CNTL at 95% confidence intervals.

OCTOBER 2015 HA ET AL . 3903



Summary	about	Ensemble	DA	

q An	es)mate	of	analysis	and	forecast	uncertainty	is	provided	
q Flow-dependent	background	error	covariance	

q determines	how	to	spread	out	an	observed	informa)on	in	the	model	
space	based	on	“errors	of	the	day”	

q Sampling	errors	due	to	the	limited	ensemble	size	<->	localiza)on	and/
or	infla)on	

q Makes	it	easy	to	exploit	new	types	of	observa)ons	by	sampling	the	
covariance	among	variables	directly	from	the	ensemble.	

q However,	ensemble	sample	error	covariance	is	subject	to	
model	error	that	can	eventually	degrade	the	quality	of	the	
ensemble	analysis/forecast.	

	
	

	



Based on unstructured centroidal Voronoi (hexagonal) meshes 
using C-grid staggering and selective grid refinement. 

 
Jointly developed, primarily by NCAR and LANL/DOE for 
weather, regional climate, and climate applications 
 
A multi-core system 
•  MPAS-Atmosphere: model development led by Bill 

Skamarock in MMM/NCAR - mainly for applications in 
high-resolution numerical weather prediction (NWP) and 
regional climate 

•  MPAS-Ocean/Ice: model development led by Todd 
Ringler in Los Alamos National Laboratory (LANL) – for 
climate research and applications 

 

 Current version: 5.1   http://mpas-dev.github.io/	
 Courtesy of Bill Skamarock for MPAS-A slides 



       MPAS-Atmosphere 

Unstructured spherical Centroidal Voronoi meshes 
•  Mostly hexagons, some pentagons and 7-sided cells. 
•  Cell centers are at cell center-of-mass (centroidal). 
•  Cell edges bisect lines connecting cell centers; perpendicular. 
•  Uniform resolution – traditional icosahedral mesh. 

 
C-grid staggering 
•  Solve for normal velocities on cell edges. 
•  Zonal and meridional winds are reconstructed at cell centers. 
 

Solvers 
•  Fully compressible nonhydrostatic equations 
 

Physics parameterization schemes 
•  2-3 suites of physics parameterization (adopted from WRF) + contributed physics (by users) 
•  Scale-awareness in development (for different behaviors across variable meshes) 
 



WRF 
Lat-Lon global grid 

•  Anisotropic grid cells 
•  Polar filtering required 
•  Poor scaling on massively 

parallel computers 

MPAS 
Unstructured Voronoi  

(hexagonal) grid 

•  Good scaling on massively 
parallel computers 

•  No pole problems 

Why MPAS? 
Significant differences between WRF and MPAS 



WRF 
Grid refinement through 

domain nesting 
•  Flow distortions at nest 

boundaries 

MPAS 
Smooth grid refinement  
   on a conformal mesh 
•  Increased accuracy and 

flexibility for variable 
resolution applications 

•  No abrupt mesh transitions. 

Why MPAS? 
Significant differences between WRF and MPAS 



Global uniform mesh Global  
variable-resolution  

mesh 

Regional  
mesh 

The regional forecast can be 
driven from other model forecasts, 
or from previous MPAS forecasts.   

If the regional mesh boundary matches the global 
mesh, no spatial interpolation is required to drive 
the regional forecast. 

Global Meshes and Local Refinement 



•  MPAS-Atmosphere has the flexibility to run 
globally on uniform and variable-resolution 
meshes. 

•  MPAS-Atmosphere produces forecast similar 
to the Advanced Research WRF (ARW) at 
large scales and at cloud scales. 

•  Preliminary tests on variable-resolution 
meshes show promise.  Scale-aware physics 
are needed. 

 
•  Data assimilation systems are being tested 

using MPAS, including variational (GSI), 
hybrid (hybrid GSI) and EnKF (DART) 
approaches. 

Summary 

GOES East, 2010-10-27 0 UTC "
IR - vapor channel"

MPAS!4+!day!forecast,!3!km!mesh!

																									MPAS-A	Model	Summary	

•  MPAS-Atmosphere	has	the	flexibility	to	run	globally	on	uniform	or	
variable-resolu)on	meshes.	

•  MPAS-Atmosphere	produces	forecast	similar	to	the	Advanced	Research	
WRF	(ARW)	at	large	scales	and	at	cloud	scales.	

•  Variable-resolu)on	meshes	show	the	benefit	of	high-resolu)on	
simula)ons.	Scale-aware	physics	are	underway.	

	
•  Coupling:	Por)ng	MPAS	dynamical	cores	to	the	Community	Atmosphere	

Model	(CAM)	in	the	Community	Earth	Systems	Model	(CESM)	to	provide	
coupling	between	MPAS-A	and	MPAS-O	components	and	coupling	to	the	
CAM	physics	and	other	components	of	the	CESM	system.	



MPAS/DART:	Observa)on	operators	

q  Built	on	the	unstructured	grid	mesh	(using	a	dual	mesh	of	a	Voronoi	
tessella)on)	

q  Barycentric	interpola)on	in	the	triangle	for	scalar	variables	
q  As	a	prognos)c	wind	variable	is	normal	velocity	on	the	edge,	there	are	

various	op)ons	to	assimilate	wind	observa)ons.		
	

	
	

The dual mesh of a Voronoi tessellation is 
a Delaunay triangulation, where the 
corners of the triangles are the generating 
points of the Voronoi tessellation

Fields in MPAS may be defined at 
•  “cell” locations (blue circles) - the 

generating points of the Voronoi mesh
•  “edge” locations (green squares) - the 

points where the dual mesh edges 
intersect the primal mesh edges

•  “vertex” locations (cyan triangles) - the 
corners of primal mesh cells

Monday, May 23, 2011


V

u
u

u

u

u

u

Cell edge (u) 
 
Cell center 
 
Vertex 

(

V )

A1 

A2 A3 

x1 

x2 
x3 

b) a) 

Cell center

Fig. 1. Depiction of the horizontal MPAS grids that are constructed using an unstructured
centroidal Voronoi tessellation. Primary cells are shown as hexagons in solid lines while the
dual of the hexagonal mesh is marked as dotted triangles. As illustrated in a), all scalar
fields and reconstructed zonal and meridional winds are defined at the primary cell centers
(red dots) and normal velocity (u) is defined at cell edges (blue square). In MPAS/DART,
vertices (green triangle) are used to search the triangle in the dual mesh that encloses an
arbitrary observation point. b) depicts a barycentric interpolation to an observation point
(red star) within the triangle.
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Assimila)on	of	real	observa)ons	in	MPAS/DART	

q  Model	configura)on:	80-member	ensemble	at	~2-degree	uniform	mesh,	
41	ver)cal	levels	w/	the	model	top	at	30-km	

q  Conven)onal	observa)ons	(NCEP	PrepBUFR)	+	GPS	RO	
q  Ensemble	filter	data	assimila)on	design:	localiza)on	(1200H/4V),	adap)ve	

infla)on	in	prior	state,	6-hrly	cycling	for	one	month	of	August	2008.	
q  WRF-Physics:	WSM6	microphysics,	YSU	PBL,	NOAH	LSM,	Tiedtke	cumulus	

parameteriza)on,	CAM	SW/LW	radia)on	schemes	
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Comparison	w/	CAM/DART	

q CAM/DART	run	by	Kevin	Reader	(IMAGe/NCAR)		
q CCSM4.0	on	~2-degree	resolu)on	w/	the	model	top	at	3	mb	
q Assimila)ng	same	observa)ons		
q Very	similar	filter	configura)on	
q Climate	data	assimila)on	cycling	for	~10	yrs	star)ng	from	

2000	
q Verifica)on	for	the	same	month	of	August	2008	in	the	

observa)on	space	



Sounding	verifica)on:	Comparison	w/	CAM/DART	

Ø  MPAS/DART	looks	preoy	reliable	a`er	a	spinup	for	the	first	couple	of	days.	
Ø  CAM/DART	and	MPAS/DART	are	broadly	comparable	and	reliable.	



GPSRO_REFRACTIVITY	verifica)on:	6-h	forecast	(prior)	

BIAS 



Variable-resolu)on	DA	with	MPAS/DART	

Fig. 2. Grid resolutions in 120-30 km mesh (named “x4”), contouring every 30 km in solid
lines, superimposed over relative vorticity at 500 hPa (colored) at 36-h forecast valid at
2012-05-29 12:00:00 UTC.
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Grid	resolu)on	in	120-30	km	
mesh	(named	“x4”),	contouring	
every	30	km.	

Ha	et	al.	(Submioed	to	Mon.	Wea.	Rev.)	

•  MPAS	V4	and	DART-Lanai	

•  A	variable-resolu)on	mesh	(120-30	km)	
is	used	in	both	analysis	and	forecast	
during	the	cycling	DA.	

•  Compare	the	variable-resolu)on	(x4)	to	
a	coarse	uniform	(x1)	mesh	w/	120-km	
resolu)on;	Assimila)ng	the	same	
observa)ons	using	the	very	similar	
analysis	and	model	configura)ons.	



Variable-resolu)on	DA	with	MPAS/DART	

5-day	MPAS	forecast	
verifica)on	w.r.t.	NCEP	FNL	
analysis.	The	rms	error	was	
computed	from	May	28	to	June	
25,	2012,	twice	daily,	every	
other	day.	
	
Ø  Benefits	of	high-resolu)on	

model	forecast	are	well	
shown	in	the	cold-start	run	
(orange	vs.	green).	

Ø  The	use	of	variable-mesh	in	
the	EnKF	analysis	improves	
the	benefit	nearly	as	twice	as	
large	that	in	cold-start	runs.	
(red	vs.	blue)	

Temperature	500	hPa	

Fig. 10. Verification of MPAS forecasts from di↵erent analyses in terms of temperature at
500 hPa, with respect to the NCEP FNL analyses, over the a) CONUS b) globe c) Southern
Hemisphere and d) tropics. The rms errors are computed from May 28 to June 25, 2012,
twice daily (at 00Z and 12Z), every other day. The error averaged over 5-day forecasts is
shown for each experiment.
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Variable-resolu)on	DA	with	MPAS/DART	

Power	Spectra	of	ensemble	analysis	increments	in	surface	pressure	over	the	
CONUS	domain:	
-  Both	meshes	show	almost	the	same	power	at	synop)c	scale	
-  Variable	mesh	(x4)	has	much	more	power	at	mesoscale	range	(<	1,000	km)	



Summary	for	MPAS/DART	

q The	MPAS/DART	interface	is	available	with	full	capabili)es.		
q The	analysis/forecast	cycling	was	successfully	tested	

assimila)ng	real	observa)ons	for	different	period	of	)me.	
q MPAS/DART	on	the	quasi-uniform	mesh	is	reliable	and	broadly	

comparable	to	CAM/DART.	
q The	EnKF	analysis	on	the	variable	mesh	further	improves	MPAS	

forecasts,	showing	the	benefit	of	higher	resolu)on	grids.		
q MPAS/DART	is	available	in	CESM	for	coupled	models.	
	



Regional-mode	MPAS	
is	underway.	
	
-  Model	versions	

are	slightly	
different	between	
global	and	regional	
MPAS.	

-  No	ar)facts	along	
the	lateral	
boundaries	for	
inflow/ouzlow.	


