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ABSTRACT

A cloud-nucleating aerosol retrieval method was developed. It allows the estimation of ice-forming nuclei
and cloud condensation nuclei (IFN and CCN) for regions in which boundary layer clouds prevail. The
method is based on the assumption that the periodical assimilation of observations into a microscale model
leads to an improved estimation of the model state vector (that contains the cloud-nucleating aerosol
concentrations). The Colorado State University Cloud Resolving Model (CRM) version of the Regional
Atmospheric Modeling System (RAMS@CSU) and the maximum likelihood ensemble filter algorithm
(MLEF) were used as the forecast model and the assimilation algorithm, respectively. On the one hand, the
microphysical modules of this CRM explicitly consider the nucleation of IFN, CCN, and giant CCN. On the
other hand, the MLEF provides an important advantage because it is defined to address highly nonlinear
problems, employing an iterative minimization of a cost function. This paper explores the possibility of
using an assimilation technique with microscale models. These initial series of experiments focused on
isolating the model response and showed that data assimilation enhanced its performance in simulating a
mixed-phase Arctic boundary layer cloud. Moreover, the coupled model was successful in reproducing the
presence of an observed polluted air mass above the inversion.

1. Introduction

The ensemble Kalman filter (EnKF; e.g., Evensen
1994; Anderson 2001) is a technique for sequential data
assimilation that uses Monte Carlo methods to forecast
error statistics and uses forecast covariances between
observed and unobserved variables to spread informa-
tion from the observations both spatially and between
variables. This technique generalizes the use of the Kal-
man filter (Kalman 1960) to nonlinear processes and
requires no derivation of tangent linear operator, ad-
joint equations and no integrations backward in time. A
general discussion of aspects of the EnKF algorithm
can be found in Evensen (2003). The EnKF represents
one of many variations of the original Kalman filter
that addressed the general problem of the estimation of
a state vector for nonlinear models.

The EnKF type of algorithm rapidly gained popular-

ity because of its ability to handle nonlinear models, its
simple conceptual formulation, and its relative ease of
implementation. This is especially appealing for the
aerosol retrieval scheme under development because it
involves complex microphysics. Since Evensen (1994)
first applied EnKF in the atmospheric science frame-
work, this versatile method has proven to handle
strongly nonlinear dynamics and large state spaces ef-
ficiently, and it is now used in realistic applications with
a wide variety of atmospheric and oceanic models.
Various uses in larger scales of the atmosphere can be
found in the literature (Houtekamer and Mitchell 1998,
2001; Anderson 2001; Whitaker and Hamill 2002), and
there are also numerous publications on the use of
EnKF on oceanic forecasts (Keppenne and Reinecker
2003; Brusdal et al. 2003; Haugen et al. 2002; Haugen
and Evensen 2002) as well as on marine biochemical
models (Carmillet et al. 2001; Natvik and Evensen
2003) and ecosystem models (Eknes and Evensen 2002;
Allen et al. 2003). Zhang et al. (2004), Snyder and
Zhang (2003), Tong and Xue (2005), and Xue et al.
(2006) more recently investigated the EnKF potential
in the convective scale (e.g., assimilating radar obser-
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vations). Among others, the recently developed maxi-
mum likelihood ensemble filter (MLEF) algorithm
(Zupanski 2005; Zupanski and Zupanski 2006; Zupan-
ski et al. 2006) provides an important advantage for
assimilation retrieval, because it is defined to address
highly nonlinear problems by employing an iterative
minimization of the cost function. The efficiency of it-
erative minimization in the MLEF is greatly improved
by an advanced Hessian preconditioning, typically
reaching the minimum in 1–2 minimization iterations
(Zupanski 2005).

Nevertheless, the possibility of using any assimilation
technique to improve the performance of microscale
models has not yet been explored. With spatial resolu-
tions on the order of tens of meters, large-eddy simu-
lation (LES) models can explicitly resolve the dominant
energy-containing eddies of the turbulent flux in a
three-dimensional (3D) framework. LES models and
high-resolution cloud-resolving models (CRMs; the 2D
version) became major tools in the research of bound-
ary layer (BL) clouds among other stratiform clouds
because they can resolve the turbulent flows affecting
various microphysical mechanisms. This kind of micro-
scale model was used to investigate the formation,
maintenance, and dissipation of various types of clouds;
to develop parameterizations or turbulent closure mod-
els; to evaluate the sensitivity of model results to pa-
rameter changes, and to investigate the role of micro-
physical mechanisms (Moeng 1986; Teixeira and Hogan
2002; Golaz et al. 2002; Wyant et al. 1997). They have
also been used as grid-volume average models; how-
ever, their domain is more frequently seen as column
models capable of generating a realistic statistical per-
spective of the in-cloud small-scale inhomogeneities af-
fecting the microphysical processes and cloud radiative
properties.

In this study, we set out to investigate the problem of
data assimilation into CRM/LES models. However, the
lack of availability of high-resolution observations ca-
pable of capturing such small-scale features clearly cre-
ates an important obstacle. Therefore, we based our
approach on linking the data assimilation algorithm to
the above-mentioned statistical perspective that sees
the 2D or 3D domain as a column model.

Several modeling studies investigated the effects of
aerosols on radiative properties of stratiform clouds
(among them, Harrington et al. 1999; Jiang et al. 2000,
2001; Carrió et al. 2005a,b, 2007). Among other studies,
these LES and CRM simulations revealed a pro-
nounced sensitivity of cloud properties (i.e., optical
depth, size spectra, and hence satellite radiance, radar
reflectivity, etc.) to varying concentrations of cloud-
nucleating aerosols and led us to consider exploiting

this high degree of sensitivity to estimate those concen-
trations.

In this paper, we described the basic configuration of
a method to retrieve cloud condensation nuclei (CCN),
giant CCN, and ice-forming nuclei (IFN) concentra-
tions in regions where BL clouds are prevalent. The
main objective of this study was to examine the concept
of enhancing the microscale model performance by
linking the aforementioned statistical perspective to a
data assimilation algorithm for simple observational
operators. It was also necessary to examine several im-
portant issues such as the response of cloud-nucleating
aerosol concentrations to the potential optimization of
a model state that is configured to include them. This
phase required extensive experimentation with various
aspects such as assimilation frequency, ensemble size,
necessary number of assimilation cycles, the variables
to be included in the state vector, number of iterations,
and the forecast model configuration, as well as solving
some unique problems associated with data assimila-
tion into a microscale model. To isolate the interaction
between the forecast model and the assimilation algo-
rithm, we used a well-documented mixed-phase Arctic
BL cloud case that provided both real observations to
be assimilated and independent observations to evalu-
ate the model performance (including CCN and IFN
concentrations). Results, although preliminary, are
highly encouraging because the coupled model success-
fully reproduced the observed presence of a polluted
air mass above the inversion.

A follow-up paper will extend these studies to obser-
vations requiring more complex observational opera-
tors (e.g., satellite radiances). A priori, the proposed
technique not only offers the potential for retrieval of
cloud-nucleating aerosols, but also cloud droplet and
ice particle concentrations, liquid water and ice water
paths, and cloud albedo. Moreover, the microscale
model could assimilate a wide variety of observations
produced by satellite-based systems.

The CRM model and the MLEF algorithm are de-
scribed in section 2. The basic configuration of the pro-
posed retrieval method is presented in section 3. Sec-
tion 4 considers the experimental design and describes
the general simulation conditions. Results and a sum-
mary and conclusions are presented in sections 5 and 6,
respectively.

2. The CRM and the assimilation algorithm

a. The forecast model

The dynamical modeling framework used for this
study is the CRM version of the Regional Atmospheric
Modeling System at Colorado State University
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(RAMS@CSU; Pielke et al. 1992; Cotton et al. 2003).
This nonhydrostatic model integrates predictive equa-
tions for the wind components, the Exner function, the
ice–liquid potential temperature, and the total mixing
ratio on a vertically stretched Arakawa C grid. The
subgrid-scale fluxes are computed following Deardorff
(1966), using a prognostic equation for the subgrid-
scale turbulent kinetic energy.

The hydrometeor size spectra are assumed to follow
gamma distributions and the condensed water sub-
stance is categorized into eight hydrometeor species:
cloud droplets, drizzle drops, raindrops, pristine ice,
snow, aggregates, graupel, and hail. In the two-moment
microphysical framework (Meyers et al. 1997; Saleeby
and Cotton 2004), these gamma distributions have 2
degrees of freedom. The prognostic microphysical vari-
ables include the number concentrations and mixing
ratios of all eight hydrometeor species, as well as the
IFN, CCN, and giant CCN concentrations. The consid-
eration of a large cloud droplet mode (drizzle drops), in
combination with the traditional single mode of cloud
droplets, allows a more accurate representation of the
bimodal distribution that occurs in the atmosphere.
Collection is simulated using stochastic collection equa-
tion solutions, facilitated by lookup tables, rather than
by continuous accretion approximations. The philoso-
phy of bin representation of collection is extended to
calculations of drop sedimentation. The introduction of
prognostic cloud droplet concentration through nucle-
ation of CCN limits the amount of cloud water depend-
ing on the available CCN. This eliminates the highly
limiting constraint of selecting a constant mean diam-
eter or a constant number concentration for cloud
droplets. CCN (and giant CCN) are activated through
nucleation of cloud droplets based on a Lagrangian
model developed by Feingold and Heymsfield (1992).
The concentration of CCN nucleated to become cloud
droplets is obtained from a lookup table as a function of
CCN concentration NCCN, vertical velocity, and tem-
perature (Saleeby and Cotton 2004). The lookup table
is previously generated (offline) from detailed bin-
model parcel calculations assuming that CCN are am-
monium sulfate particles and have a bimodal size spec-
trum based on lognormal basis functions. Several stud-
ies [among them, Dusek et al. (2006) and Fitzgerald
(1974)] showed that variations in chemistry are second-
ary to variations in concentrations and size spectra of
the aerosol. The procedure is analogous to using the
equation

Nc1 � NCCNSw
b , �1�

where NCCN is the concentration of CCN, Nc1 repre-
sents the concentration of cloud droplets activated in

the first cloud droplet mode (droplets with diameters
less than 40 �m), Sw is water supersaturation, and b is
an empirically determined parameter. Concentration
NCCN is a model forecast variable that can be advected
and diffused, and it also has sinks due to nucleation to
form cloud droplets and sources as cloud droplets are
evaporated.

Pristine ice crystals formed by deposition–condensa-
tion freezing on IFN are given by

�Npris � max�NIFNFM�Si� � Npris, 0�, �2�

where Npris and �Npris are the pristine ice number con-
centration and its change due to nucleation, respec-
tively. Variable NIFN is the concentration of available
IFN, FM is a function of the Meyers et al. (1997) for-
mula that represents the fraction of available IFN acti-
vated as a function of ice supersaturation Si, and the
product NIFNFM is the maximum concentration that can
be activated at the current supersaturation conditions.
The FM is maximized (equal to 1) for these simulations
at an ice supersaturation of 40%. Ice activation occurs
only when this maximum concentration exceeds the
pristine ice number concentration. Concentration NIFN

is a forecast variable that is advected and diffused and
has sinks due to ice activation.

In addition, homogeneous freezing of cloud droplets
and haze particles is done following DeMott et al.
(1994). Supercooled raindrops freeze by collecting ice
crystals. Ice multiplication by rime-splinter process is
parameterized following Mossop (1978), as described in
Cotton et al. (2003).

The two-stream radiative transfer model used for this
study (Harrington 1997; Harrington et al. 1999) treats
the interaction of three solar and five infrared bands
with the model gases and cloud hydrometeors. This
scheme solves the radiative transfer equations for
three gaseous constituents (water vapor, ozone, and
carbon dioxide) and the optical effects of the hydrome-
teor size spectra. Gaseous absorption is calculated by
following the fast exponential sum fitting of transmis-
sions method proposed by Ritter and Geleyn (1992).
Lorenz–Mie theory is used to compute the optical
properties for water drops, and the theory of Mitchell
et al. (1996) is used for nonspherical ice crystals. For
each hydrometeor species, the band-averaged values
of optical properties are computed for the assumed
gamma distribution used in RAMS@CSU following the
method of Slingo and Schreckner (1982).

b. The maximum likelihood ensemble filter

The MLEF algorithm is explained in more detail in
Zupanski (2005), Zupanski and Zupanski (2006), and
Zupanski et al. (2006). Here we provide only basic ex-
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planations about the algorithm. Unlike most (i.e., stan-
dard) EnKF data assimilation algorithms, which seek a
minimum variance state solution, the MLEF seeks a
maximum likelihood solution. The solution for a state
vector x (also referred to as control variable) of dimen-
sion Nstate is obtained by minimizing a cost function J
defined under standard Gaussian assumption as

J�x� � 0.5�x � xb�TPf
�1�x � xb�

	 0.5�y � H�x��TR�1�y � H�x��. �3�

In Eq. (3), the vector y is an observation vector of
dimension equal to the number of observations Nobs,
and H is a nonlinear observation operator. Subscript b
denotes a background (i.e., prior) estimate of x, and
superscript T denotes a transpose. The Nobs 
 Nobs

matrix R is a prescribed observation error covariance,
and it includes instrumental and representativeness er-
rors (e.g., Cohn 1997). In the experiments presented, R
is a diagonal, constant-in-time co(variance) matrix that
corresponds to observation errors of 5 g m�2 and 1 W
m�2 for vertically integrated water paths and surface
fluxes, respectively. The matrix Pf of dimension Nstate 

Nstate is the forecast error covariance. Note that we
employ the commonly used rank-reduced square root
formulation Pf � P1/2

f (P1/2
f )T, where P1/2

f is an Nstate 

Nens square root matrix (Nens being the ensemble size).

A conjugate gradient minimization algorithm (e.g.,
Luenberger 1984), with the line-search technique as in
Navon et al. (1992), is used to minimize Eq. (3). A
satisfactory solution to a nonlinear data assimilation
problem is typically obtained after 2–3 minimization

iterations, owing to the effective Hessian precondition-
ing, defined in ensemble subspace (e.g., Zupanski
2005). The MLEF algorithm is schematically shown in
Fig. 1.

In the applications of this study, the CRM version of
RAMS@CSU serves as a nonlinear forecast model M.
The observation vector y includes the liquid and ice
water paths (LWP and IWP), and the longwave and
shortwave downwelling fluxes at the surface (LWDN
and SWDN). The observation operator H is defined by
the operators for calculating model simulated water
paths and the surface fluxes. In the case of LWP and
IWP, H is simply the vertical integration of the mixing
ratios multiplied by the air density for the liquid and ice
phase species, respectively, whereas, for the LWDN
and SWDN, H is trivial because both fluxes are re-
solved by the two-stream radiative scheme within the
forecast model. The control vector x includes model
state variables as explained in the next section.

3. Configuration of the aerosol retrieval method

The proposed aerosol retrieval method is based on
the assumption that data assimilation into a microscale
model leads to an improved estimation of the model
state vector that contains the IFN and CCN concentra-
tions, along with the basic prognostic variables of the
dynamic model and the prognostic variables that de-
scribe the size spectra of all hydrometeors.

As mentioned in the introduction, assimilating data
into a microscale model introduces several unique
problems. The fact that observations at such a high

FIG. 1. Schematic representation of the MLEF algorithm.
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spatial resolution are rarely available, along with the
complexity and nonlinearity of the microphysical pro-
cesses interacting with the microscale circulations,
makes the optimization of the structure of these eddies
an unrealistic goal. Unlike typical applications for me-
soscale and synoptic scale, the proposed approach does
not focus on the spatial location and intensity of indi-
vidual flow features. Conversely, it sees the 3D or 2D
domain of the forecast (FCST) model as a column
model capable of generating a realistic statistical per-
spective of the in-cloud small-scale inhomogeneities
that govern the temporal evolution of the horizontally
averaged vertical profiles of the microphysical vari-
ables. These vertical profiles are seen by the data as-
similation algorithm as a 1D version of the state vector
linked to the data assimilation algorithm. As a conse-
quence, the observations are considered to be valid for
the entire horizontal extension of the FCST model do-
main.

After each assimilation cycle, a new ensemble is de-
fined perturbing the new optimal state and therefore
each ensemble member needs a (spinup) time to de-
velop stable turbulence statistics that are physically
consistent with the new vertical profiles. During these
spinup periods preceding the FCST runs, the horizon-
tally averaged model state vector is not allowed to
change. A Newtonian relaxation technique (nudging) is
used to preserve this 1D version of the state vector
while the 2D/3D model develops an eddy distribution
consistent with these optimized vertical profiles. In ad-

dition, it is necessary to take into account aspects that
are not resolvable within the framework of the micro-
scale model. These larger-scale (LS) changes are taken
into account only during the FCST runs.

The resulting configuration of the proposed method
can be described as follows and a schematic represen-
tation is given in Fig. 2.

1) The first ensemble of CRM simulations is randomly
designed.

2) Nudging terms are considered for each ensemble
member to take into account LS changes until an
assimilation time is reached.

3) Observational data are assimilated, and an optimal
state of the model is computed by the minimization
of a cost function. It continues with the following
step, unless this is the last assimilation cycle.

4) A new ensemble of CRM simulations is generated
by adding to the optimal state perturbations based
on error covariance matrices.

5) Each ensemble member has its spinup period to al-
low for development of an eddy distribution that is
physically consistent with the new (perturbed) opti-
mal state.

6) During the spinup period, time “freezes” and there-
fore no nudging terms are applied to take into ac-
count LS changes. However, a 1D version of the
optimal state is nudged.

7) When the spinup period ends, time starts evolving
and returns to step 2.

FIG. 2. Schematic representation of the aerosol retrieval method.
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8) Aerosol concentrations are retrieved from the last
cycle’s optimal model state.

A similar configuration could be used with a moving
domain along trajectories predicted by a mesoscale
model. For this application that will be analyzed in a
follow-up paper, the LS changes are provided by the
mesoscale model [as done in Carrió et al. (2007)] and
the observations to be assimilated are collected along
the predicted trajectory. The numerical experiments
presented in the following section used a fixed domain
and focused on isolating the response of the microscale
model to data assimilation.

4. Preliminary experiments

a. 4 May 1998 Arctic BL cloud case

We chose this previously studied case (Carrió et al.
2005a), because it represented an excellent framework
in which to perform these first numerical experiments.
First of all, this mixed-phase cloud case allowed exam-
ining the response of both IFN and CCN concentra-
tions (prognostic variables) to the assimilation of real
observations. This cloud was extensively observed
during the First International Satellite Cloud Climatol-
ogy Project (ISCCP) Regional Experiment (FIRE)/
Surface Heat Budget of the Arctic Ocean (SHEBA)
field experiment, using multiple remote sensing mea-
surements such as 35-GHz cloud radar, depolariza-
tion lidar, and microwave radiometer (Intrieri et al.
2002a,b), high-resolution rawinsonde soundings, and
liquid-phase retrievals involving both radar and aircraft
data (Zuidema et al. 2005). These series of cloud, at-
mospheric, and sea ice properties represented a unique
framework to isolate the microscale model response to
data assimilation. They provided high-quality observa-
tions to take into account LS changes, vertically inte-
grated quantities to be assimilated, and independent
observations to evaluate the impact of data assimilation
on model performance. Last, the presence of a moder-
ately polluted air mass above the inversion makes this
Arctic BL cloud case particularly interesting for exam-
ining the feasibility of retrieving cloud-nucleating aero-
sol concentrations. The documented concentrations
(obtained using the instantaneous CCN spectrometer
of the Desert Research Institute) were approximately
100 and 250 cm�3 below and above the inversion, re-
spectively (Yum and Hudson 2001). The IFN vertical
profile derived from the CSU continuous-flow diffu-
sion-chamber ice nucleus counter data exhibited rela-
tively large concentrations above the boundary layer
with a maximum value of 85.6 per liter (L�1), while
below the inversion the vertical average is approxi-
mately 3 L�1 (Rogers et al. 2001). These IFN and CCN

concentrations (above the boundary layer) were in
strong contrast with normal values for the pristine Arc-
tic environment (typically 3 L�1 and 30 cm�3, respec-
tively).

b. Simulation conditions

All numerical experiments were performed with an
FCST model configuration, initial conditions, and the
treatment of LS changes identical to those used in our
previous study of this mixed-phase Arctic boundary
layer case. A two-dimensional framework was used for
the FCST model, and the simulation domain was 5000
m in the horizontal plane 3325 m in the vertical direc-
tion, and it was approximately located at 76°N, 165°W.
A constant horizontal grid spacing of 50 m and a time
step of 2 s were used. The vertical grid was stretched
using the relationship �z(k 	 1) � 1.05�z(k), with 30-m
spacing at the finest to provide better resolution within
the boundary layer. All runs were initialized at 1700
UTC 3 May 1998 (using the corresponding high-
resolution SHEBA sounding). The Newtonian relax-
ation technique (nudging) was used to consider the LS
changes that cannot be resolved within this modeling
framework. Nudging terms were based on four 4 May
1998 SHEBA soundings (0515, 1115, 1715, and 2315
UTC) and were applied only to horizontal averages to
avoid nudging out the finescale features developed in
the CRM domain [for a more detailed description see
Carrió et al. (2005a,b)]. The lateral boundary condi-
tions were cyclic, and the domain top was a rigid lid.
Rayleigh damping was used in the five highest levels of
the domain to prevent the reflection of vertically trav-
eling gravity waves off this rigid lid. Noninertial effects
were neglected. Surface properties and fluxes were pro-
vided by the Los Alamos sea ice model (CICE) imple-
mented into RAMS@CSU.

Simulations covered a period of 30 h, although no
assimilation was performed until 0000 UTC 4 May. IFN
and CCN concentrations were homogeneously initial-
ized with typical clean concentrations of cloud-
nucleating aerosols ([IFN] � 4 L�1 and [CCN] � 30
cm�3, both below and above the inversion). Most ex-
periments were performed assimilating temporal series
of LWP and IWP. However, real SWDN and LWDN
observations were also used for some ensemble runs.
We considered different ensemble sizes of 50, 100, and
200 members, and a free run (control). A summary of
the numerical experiments that correspond to results
presented in this paper is given in Table 1. In assimila-
tion runs, the two-letter prefixes PA, FL, and FP indi-
cate the observation type that is assimilated (water
paths, surface fluxes, and both, respectively) and the
numerical suffixes indicate the ensemble size.
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5. Main results

The model state vector was configured to include the
variables controlling the size spectra of all hydromete-
ors (i.e., the number concentrations and the mixing ra-
tios of cloud droplets, drizzle drops, raindrops, pristine
ice crystals, snow, and aggregates, graupel, and hail),
the CCN and IFN concentrations, the ice–liquid poten-
tial temperature, and the total water mixing (the sum of
the mixing ratios corresponding to water vapor and all
condensed species).

A suite of remote sensor measurements (35-GHz
cloud radar, microwave radiometer, depolarization li-
dar, and surface radiometers) provided observational
data to be used as independent observations as well as
for assimilation purposes. The ice water content (IWC)
vertical profiles were derived from 35-GHz radar data.
The same rawinsonde data we used to define LS
changes were combined by Zuidema et al. (2005) with
the multisensor measurements to characterize the ice-
and liquid-phase cloud components from 1 to 10 May
1998. Cloud base and top were established by the de-
polarization radar, and the top of the liquid cloud was
identified by the temperature inversion. Adiabatic as-
cent calculations were applied to a parcel saturated at
cloud base to obtain the liquid water content vertical
profile. Liquid particle sizes were estimated by combin-
ing liquid water contents, determined from an adiabatic
ascent calculation and constrained by the LWPs re-
trieved from an upwardly pointing microwave radiom-
eter, with the droplet concentrations and distribution
widths determined from aircraft data [for more details
see Zuidema et al. (2005)].

The assimilation experiments covered a period of 24
h from 0000 UTC 4 May 1998. Figure 3 shows the
hourly averaged data of LWP, IWP, LWDN, and
SWDN used for the 24 (hourly) assimilation cycles. The
cloud was mostly liquid at 0000 UTC and then under-
went a gradual glaciation process reaching a minimum
LWP at approximately 1200 UTC. LWDN showed a
behavior closely linked to that of LWP, with a mini-
mum at the same time. Arctic mixed-phase BL clouds

are characterized by a high colloidal instability. Most
microphysical schemes tend to overestimate severely
the glaciation rates, consistently underestimating the
liquid fraction of the simulated clouds.

The total condensate paths (TCPs) and liquid water
fractions corresponding to different runs (FL50, PA50,
PA100, and the free run) are compared with observed
values in Fig. 4. TCP was computed as the horizontally
averaged vertical integral of the water contents of all
liquid- and ice-phase species with nonnegligible values
(cloud droplets, drizzle drops, raindrops, pristine ice,
snow, and aggregates). The free run represented fairly
well the observed time evolution of TCP, and none of
the assimilation experiments significantly enhanced the
simulation of TCP. The latter was an expected result,
because TCP is basically linked to the thermodynamic
state, mainly governed by the LS changes. Moreover,
this is desired behavior because the sampling freedom
of the assimilation algorithm should focus more on the
cloud microstructure and less on aspects that are not
entirely resolvable within the FCST model. Conversely,
the free run showed poor performance in representing
the phase of the cloud, with liquid water fractions below
15% for the entire period of interest. Only the run that
assimilated downwelling radiative fluxes (FL50) did not
reproduce a drop in the liquid water fraction of a com-
parable magnitude between 1100 and 1600 UTC.

Figure 5 in analogous to Fig. 4 but compares down-
welling radiative fluxes at the surface. The observed
LWDN shows an abrupt drop at approximately 13
UTC. Runs FL50, PA50, and PA100 exhibited LWDN
minima centered at approximately the same time, while
the free run showed a monotonic increase with time.
The magnitude of the minimum for FL50 was the clos-
est to the observations. These experiments could not
reproduce the observed abrupt drop, but the narrowest
minimum corresponded to PA100. It must be noted
that PA50 and PA100 only assimilated water paths and
that, therefore, LWDN is an independent observation
for these runs. Conversely, the simulated SWDN evo-
lution showed negligible differences for these experi-

TABLE 1. Summary of the numerical experiments that correspond to results presented in this paper.

Run
Ensemble

size
Assimilating water

paths
Assimilating

fluxes Nobs

No. of
iterations

Data assimilation
interval (h)

Free run 1 — — — — —
PA50 50 Yes No 2 1, 3 1
PA100 100 Yes No 2 1, 3 1
FL50 50 No Yes 2 1 1
FP50 50 Yes Yes 4 1, 3 1
FP100 100 Yes Yes 4 1, 3 1
FP200 200 Yes Yes 4 1 2
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ments. All runs (not only those compared in this figure)
consistently underestimated SWDN by roughly 10 W
m�2. This almost constant difference between simu-
lated and observed values may be explained by the
presence of an upper-layer cloud that extended up to
5000m and could not be adequately resolved within our
domain [see Zuidema et al. (2005)) and Carrió et al.
(2005a)) for more details].

In general, better results were obtained for larger

ensemble sizes, and assimilating water paths had a
stronger impact when jointly comparing the simulated
and observed water paths and surface radiative fluxes.
As mentioned in section 1, the MLEF has the advan-
tage of employing an iterative minimization of a cost
function. Most of the numerical experiments listed in
Table 1 have been rerun allowing two and three mini-
mization iterations. In summary, consideration of a
higher number of iterations had negligible impact when

FIG. 3. Time series plots of hourly data (UTC) for (a), (b) vertically integrated water paths (g m�2) and (c), (d)
surface fluxes (W m�2) observed at SHEBA site on 4 May 1998.
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only paths were assimilated, probably because of the
fairly linear relationships between them and the state
variables (mixing ratios). Conversely, a higher number
of iterations had a positive effect on runs that also as-
similated radiative fluxes. Figure 6 shows a nondimen-
sional measure of the “distance” between these ob-
served and simulated quantities for different simulation
conditions. The differences between observed and
simulated values for each observation type (IWP, LWP,
LWDN, and SWDN) were normalized, dividing them
by the corresponding mean value for the simulation
period [see Eq. (4)]. Increasing the ensemble size en-
hanced the performance independent of the assimilated
observation type. However, increasing the number of
minimization iterations only had an impact on runs
FP50 and FP100 and showed virtually no effects on runs
PA50 and PA100. Here is the normalized difference
equation:

d ���
k�1

k�4 �Xk
sim � Xk

obs

Xk
obs �2�1�2

. �4�

In Eq. (4), d is the distance, Xobs
k and X sim

k are the
observed and simulated values, respectively, Xobs

k rep-
resents the corresponding mean value for the simula-
tion period, and the values of k denote the four differ-
ent observation types.

The previous figures indicate that data assimilation
improves the estimation of vertically integrated quan-
tities in both cases, when they are assimilated and in-
dependent observations. However, this study has been
motivated by the following questions: Can assimilating
these vertically integrated quantities into a CRM en-
hance its performance in simulating the vertical struc-
ture of BL clouds? What would be the response of
cloud-nucleating aerosol concentrations to the poten-

FIG. 4. Time series plots (UTC) of comparisons of (a) the total condensate path (g m�2) and
(b) the cloud liquid fraction (percent) derived from observations and simulated for various
numerical experiments for 4 May 1998.
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tial optimization of the model state? To address the
first of these questions, we compared the temporal evo-
lution of the vertical profiles for IWC and the effective
radius of liquid-phase particles Reff, simulated and re-
trieved using surface-based remote sensors.

Figure 7 compares the horizontally averaged IWC
vertical profiles simulated for the free run and two runs
assimilating both water paths and downwelling radia-
tive fluxes. Experiments FP100 and FP200 significantly
improved the performance of the model in simulating
the timing, magnitude, and vertical position of the IWC
maxima. In particular, the run that performed best in
the latter aspect (FP200) involved doubling the en-
semble size with a lower assimilation frequency (every
2 h). Note that run FP200 has a coarser temporal reso-
lution and therefore it is more expedient from the com-
putational point of view because it requires a lower
number of spinup periods. The free run reproduced

neither the observed pattern nor the magnitude of the
maxima (note that this panel uses a different color bar).
Figure 8 is analogous to Fig. 7 but compares retrieved
and simulated vertical profiles of Reff. The simulated
values of Reff were computed as the ratio between the
third and second moments of the composite size distri-
bution for liquid particles (binning the gamma distribu-
tion of cloud drops, drizzle drops, and raindrops). This
parameter, which is of great importance from the ra-
diative perspective, was realistically estimated by all
numerical experiments, including the free run. How-
ever, note that the latter run underestimated the liquid
mass by an order of magnitude, whereas FP100 and
FP200 show liquid water content maxima similar to the
airborne observed values (�0.2 g m�3). FP100 repro-
duced slightly better the timing and the expected drop
size decrease as IWC values increase at the expense of
the evaporation of liquid particles.

FIG. 5. Time series plots (UTC) of comparisons of (a), (b) downwelling radiative fluxes at
the surface (W m�2) observed and simulated for the control run and experiments FL50, PA50,
and PA100 for 4 May 1998.
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We also examined the response of cloud-nucleating
aerosol to the potential optimization of the model state.
The simulated IFN concentrations for the free run,
FP50, and FP100 are given in Figs. 9a–c, respectively.
All of these runs were initialized with a constant verti-
cal profile of 3 L�1; however, the data assimilation
simulations rapidly developed significantly higher con-

centrations above the inversion. The IFN vertical pro-
file derived from the CSU continuous-flow diffusion-
chamber ice nucleus counter data at approximately
2200 UTC 4 May is given in Fig. 9d. The concentrations
above the boundary layer are much higher than those
typically observed (3–4 L�1), with a peak value of 85.6
L�1. Runs FP50 and FP100 both generated IFN con-

FIG. 6. Time series plots (UTC) showing overall measure of agreement [defined in Eq. (4)] between observed and
simulated values of IWP, LWP, LWDN, and SWDN (a) for experiments that only assimilate water paths (PA50
and PA100) and (b) for runs assimilating both water paths and surface fluxes (FP50 and FP100). (c), (d) Similar
to (a) and (b), but using a higher number of minimization iterations.
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centrations that exceeded 80 L�1. As expected, the con-
trol run only exhibits a slight decrease below the inver-
sion because of the nucleation of pristine ice crystals.
Although a detailed CCN vertical profile was not docu-
mented, the instantaneous CCN spectrometer of the
Desert Research Institute indicated a maximum con-
centration of approximately 250 cm�3 above the inver-
sion and lower values (�100 cm�3) within the boundary

layer. Simulated CCN concentrations exhibited a simi-
lar behavior (Fig. 10) with higher concentrations above
the inversion having values that exceeded 240 cm�3.
In summary, data assimilation experiments were suc-
cessful in reproducing the observed presence of a pol-
luted air mass with simulated IFN and CCN concentra-
tions comparable to those documented. Note also that
IFN and CCN concentrations are not assimilated and

FIG. 7. Time series plots (UTC) of (a) observed evolution of the IWC vertical profile (m) derived from 35-GHz
radar data and also horizontally averaged values of ice water content for different runs: (b) free, (c) FP100, and (d)
FP200.
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therefore are independent observations (retrieved vari-
ables).

6. Summary and concluding remarks

We developed an aerosol retrieval method that al-
lows the estimation of IFN and CCN concentrations in
regions where BL clouds prevail. This method is based
on the assumption that periodical assimilation of obser-
vations into a microscale model leads to an improved

estimation of the model state vector (that contains the
cloud-nucleating aerosol concentrations). For this pur-
pose we adapted the MLEF algorithm to be used with
the CRM and LES versions of RAMS@CSU. On the
one hand, the microphysical modules of this model ex-
plicitly consider the nucleation of IFN and CCN (and
giant CCN). On the other hand, the MLEF presents an
important advantage (relative to the classical ensemble
Kalman filter) because it is defined to address highly
nonlinear problems, employing an iterative minimiza-

FIG. 8. As in Fig. 7, but for simulated and retrieved droplet effective radius (�m; retrieved data are provided
through the courtesy of P. Zuidema).
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tion of a cost function. The resulting configuration pre-
sents some singular aspects such as the consideration of
an FCST model and a model state vector with different
dimensions. In addition, it was necessary to consider
periodical spinup periods for ensemble members to de-
velop stable turbulence statistics physically consistent
with the (perturbed) new optimal model states. During
recent years, the use of this assimilation algorithm
among many other variations of the original Kalman

filter technique gained popularity with atmospheric,
oceanic, and sea ice models. However, the possibility of
using any of these assimilation algorithms to improve
the performance of high-resolution CRMs and LES
models has not yet been explored.

The aerosol retrieval method was tested with real
observations using an Arctic cloud BL case extensively
documented during the FIRE/SHEBA field experi-
ment. A wide variety of remote sensing measurements

FIG. 9. Time series plots (UTC) of horizontally averaged values of IFN concentration (particles per liter) for the
(a) free run, (b) FP50, and (c) FP100. (d) The observed IFN vertical profile at approximately 2200 UTC 4 May
1998.
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provided vertically integrated quantities to be assimi-
lated as well as independent observations to evaluate
the model performance. Airborne data for both IFN
and CCN were also available for this day (4 May 1998).
In addition, the fact that the air mass was found to be
polluted in terms of IFN and CCN concentrations
above the boundary layer made this case an ideal
framework to test the coupled model as an aerosol re-
trieval method. The microscale model was successful in
reproducing the presence of the polluted layer overrid-
ing the inversion and retrieving cloud-nucleating aero-
sol concentrations comparable to those observed. We
performed these preliminary tests with a static domain
to isolate the response of the microscale model to data
assimilation while using high-quality in situ observa-
tions and simple observational operators. Results indi-
cated that data assimilation enhanced several aspects of
the microscale model performance in simulating Arctic
mixed-phase BL clouds. This kind of cloud is particu-
larly difficult to simulate, mainly because of its inherent
colloidal instability.

These preliminary tests involved finding the optimal
configuration for the aerosol retrieval method and re-
quired extensive experimentation with various aspects

such as necessary number of assimilation cycles, obser-
vations to be assimilated, assimilation frequency, en-
semble size, number of minimization iterations, and
variables to be included in the state vector, as well as
the FCST model configuration. In summary, most ex-
periments required a warm-up period of nine cycles
when assimilating observations hourly. Increasing the
ensemble size generally gave better results independent
of the other configuration parameters, and 100 en-
semble members were enough to improve significantly
the quality of the simulations. For instance, using 200
ensemble members showed an acceptable performance
at a lower computational cost because it used a lower
assimilation frequency (and required fewer spinup pe-
riods). When assimilating vertically integrated water
paths, increasing the number of iterations while mini-
mizing the cost function had a negligible impact. Con-
versely, subsequent iterations enhanced the model per-
formance for a significantly less linear observational
operator, like the one used to assimilate downwelling
radiative fluxes. This was particularly visible for the
infrared radiation emitted to the surface because of its
strong link with cloud liquid water content.

We are now testing this approach with a microscale
model domain that moves along trajectories predicted
by a mesoscale model. The LS changes are provided by
the mesoscale model [as done in Carrió et al. (2007)],
and satellite radiances to be assimilated are collected
along the predicted trajectory. For that purpose, we
chose maritime stratocumulus cases documented dur-
ing the Rain in Cumulus over the Ocean (RICO)
project. These results will be published in a follow-up
paper.

We also plan to improve the aerosol retrieval method
by employing a more general variant of the MLEF,
including non-Gaussian errors (e.g., Fletcher and
Zupanski 2006) and model errors (Zupanski and
Zupanski 2006). Because many cloud variables typi-
cally have non-Gaussian errors, and the model errors
for these variables are sometimes large, these generali-
zations should further improve the method.

Acknowledgments. Gustavo Carrió and William Cot-
ton were funded by the National Aeronautics and
Space Administration under Grant NNG04GD75G.
Dusanka Zupanski and Milija Zupanski received sup-
port from the U.S. Department of Defense Center for
Geosciences cooperative agreement Research Grants
DAAD19-02-2-0005 and W911NF-06-2-0015.

REFERENCES

Allen, J. I., M. Eknes, and G. Evensen, 2003: An ensemble Kal-
man filter with a complex marine ecosystem model: Hind-

FIG. 10. Time series plots (UTC) of the vertical distribution (m)
of horizontally averaged values of CCN concentration (cm�3) for
run FP100.

2774 J O U R N A L O F A P P L I E D M E T E O R O L O G Y A N D C L I M A T O L O G Y VOLUME 47



casting phytoplankton in the Cretan Sea. Ann. Geophys., 21,
399–411.

Anderson, J. L., 2001: An ensemble adjustment Kalman filter for
data assimilation. Mon. Wea. Rev., 129, 2884–2903.

Brusdal, K., J.-M. Brankart, G. Halberstadt, G. Evensen, P. Bras-
seur, P. J. van Leeuwen, E. Dombrowsky, and J. Verron,
2003: A demonstration of ensemble based assimilation meth-
ods with a layered OGCM from the perspective of opera-
tional ocean forecasting systems. J. Mar. Syst., 40–41, 253–
289.

Carmillet, V., J.-M. Brankart, P. Brasseur, H. Drange, G.
Evensen, and J. Verron, 2001: A singular evolutive extended
Kalman filter to assimilate ocean color data in a coupled
physical-biochemical model of the North Atlantic ocean.
Ocean Modell., 3, 167–192.

Carrió, G. G., H. Jiang, and W. R. Cotton, 2005a: Impact of aero-
sol intrusions on Arctic boundary layer clouds. Part I: 4 May
1998 case. J. Atmos. Sci., 62, 3082–3093.

——, ——, and ——, 2005b: Impact of aerosol intrusions on Arc-
tic boundary layer clouds. Part II: Sea ice melting rates. J.
Atmos. Sci., 62, 3094–3105.

——, S. van den Heever, and W. R. Cotton, 2007: Impacts of
nucleating aerosol on anvil-cirrus clouds: A modeling study.
Atmos. Res., 84, 111–131.

Cohn, S. E., 1997: An introduction to estimation theory. J. Meteor.
Soc. Japan, 75, 257–288.

Cotton, W. R., and Coauthors, 2003: RAMS 2001: Current status
and future directions. Meteor. Atmos. Phys., 82, 5–29.

Deardorff, J. W., 1966: The counter-gradient heat flux in the
lower atmosphere and in the laboratory. J. Atmos. Sci., 23,
503–506.

DeMott, P. J., M. P. Meyers, and W. R. Cotton, 1994: Parameter-
ization and impact of ice initiation processes relevant to nu-
merical model simulations of cirrus clouds. J. Atmos. Sci., 51,
77–90.

Dusek, U., and Coauthors, 2006: Size matters more than chemis-
try for cloud-nucleating ability of aerosol particles. Science,
312, 1375–1378.

Eknes, M., and G. Evensen, 2002: An ensemble Kalman filter with
a 1-D marine ecosystem model. J. Mar. Syst., 36, 75–100.

Evensen, G., 1994: Sequential data assimilation with a nonlinear
quasi-geostrophic model using Monte Carlo methods to fore-
cast error statistics. J. Geophys. Res., 99, 10 143–10 162.

——, 2003: The ensemble Kalman filter: Theoretical formulation
and practical implementation. Ocean Dyn., 53, 343–367.

Feingold, G., and A. J. Heymsfield, 1992: Parameterizations of
condensational growth of droplets for use in general circula-
tion models. J. Atmos. Sci., 49, 2325–2342.

Fitzgerald, J. W., 1974: Effect of aerosol composition on cloud
droplet size distribution: A numerical study. J. Atmos. Sci.,
31, 1358–1367.

Fletcher, S. J., and M. Zupanski, 2006: A data assimilation method
for lognormally distributed observational errors. Quart. J.
Roy. Meteor. Soc., 132, 2505–2520.

Golaz, J.-C., V. E. Larson, and W. R. Cotton, 2002: A PDF-based
model for boundary layer clouds. Part I: Method and model
description. J. Atmos. Sci., 59, 3540–3551.

Harrington, J. Y., 1997: The effects of radiative and microphysical
processes on simulated warm and transition season Arctic
stratus. Ph.D. dissertation, Atmospheric Science Paper No.
637, Department of Atmospheric Science, Colorado State
University, 289 pp.

——, T. Reisin, W. R. Cotton, and S. M. Kreidenweis, 1999: Cloud

resolving simulations of Arctic stratus. Part II: Transition-
season clouds. Atmos. Res., 51, 45–75.

Haugen, V. E., and G. Evensen, 2002: Assimilation of SLA and
SST data into an OGCM for the Indian Ocean. Ocean Dyn.,
52, 133–151.

——, O. M. Johannessen, and G. Evensen, 2002: Indian Ocean:
Validation of the Miami Isopycnic Coordinate Model and
ENSO events during 1958–1998. J. Geophys. Res., 107, 3043,
doi:10.1029/2000JC000330.

Houtekamer, P. L., and H. L. Mitchell, 1998: Data assimilation
using an ensemble Kalman filter technique. Mon. Wea. Rev.,
126, 796–811.

——, and ——, 2001: A sequential ensemble Kalman filter for
atmospheric data assimilation. Mon. Wea. Rev., 129, 123–137.

Intrieri, J. M., C. W. Fairall, M. D. Shupe, P. O. G. Persson, E. L
Andreas, P. S. Guest, and R. E. Moritz, 2002a: An annual
cycle of Arctic surface cloud forcing at SHEBA. J. Geophys.
Res., 107, 8039, doi:10.1029/2000JC000439.

——, M. D. Shupe, T. Uttal, and B. J. McCarty, 2002b: An annual
cycle of Arctic cloud characteristics observed by radar and
lidar at SHEBA. J. Geophys. Res., 107, 8030, doi:10.1029/
2000JC000423.

Jiang, H., W. R. Cotton, J. O. Pinto, J. A. Curry, and M. J. Weiss-
bluth, 2000: Cloud resolving simulations of mixed-phase Arc-
tic stratus observed during BASE: Sensitivity to concentra-
tion of ice crystals and large-scale heat and moisture advec-
tion. J. Atmos. Sci., 57, 2105–2117.

——, G. Feingold, W. R. Cotton, and P. G. Duynkerke, 2001:
Large-eddy simulations of entrainment of cloud condensa-
tion nuclei into the Arctic boundary layer: May 18, 1998,
FIRE/SHEBA case study. J. Geophys. Res., 106, 15 113–
15 122.

Kalman, R. E., 1960: A new approach to linear filtering and pre-
diction problems. Trans. ASME J. Basic Eng., 82, 35–45.

Keppenne, C. L., and M. Reinecker, 2003: Assimilation of tem-
perature into an isopycnal ocean general circulation model
using a parallel ensemble Kalman filter. J. Mar. Syst., 40–41,
363–380.

Luenberger, D. L., 1984: Linear and Non-linear Programming.
2nd ed. Addison-Wesley, 491 pp.

Meyers, M. P., R. L. Walko, J. Y. Harrington, and W. R. Cotton,
1997: New RAMS cloud microphysics parameterization: Part
II. The two-moment scheme. Atmos. Res., 45, 3–39.

Mitchell, D. L., Y. Liu, and A. Macke, 1996: Modeling cirrus
cloud. Part II: Treatment of radiative properties. J. Atmos.
Sci., 53, 2967–2988.

Moeng, C.-H., 1986: Large-eddy simulation of a stratus-topped
boundary layer. Part I: Structure and budgets. J. Atmos. Sci.,
43, 2886–2900.

Mossop, S. C., 1978: The influence of drop size distribution on the
production of secondary ice particles during graupel growth.
Quart. J. Roy. Meteor. Soc., 104, 323–330.

Natvik, L.-J., and G. Evensen, 2003: Assimilation of ocean colour
data into a biochemical model of the North Atlantic. Part 1.
Data assimilation experiments. J. Mar. Syst., 40–41, 127–153.

Navon, I. M., X. Zou, J. Derber, and J. Sela, 1992: Variational
data assimilation with an adiabatic version of the NMC spec-
tral model. Mon. Wea. Rev., 120, 1433–1446.

Pielke, R. A., and Coauthors, 1992: A comprehensive meteoro-
logical modeling system—RAMS. Meteor. Atmos. Phys., 49,
69–91.

Ritter, B., and J. F. Geleyn, 1992: A comprehensive radiation
scheme for numerical weather prediction models with poten-

NOVEMBER 2008 C A R R I Ó E T A L . 2775



tial applications in climate simulations. Mon. Wea. Rev., 120,
303–325.

Rogers, D. C., P. J. DeMott, and S. M. Kreidenweis, 2001: Air-
borne measurements of tropospheric ice-nucleating aerosol
particles in the Arctic spring. J. Geophys. Res., 106, 15 053–
15 063.

Saleeby, S. M., and W. R. Cotton, 2004: A large-droplet mode and
prognostic number concentration of cloud droplets in the
Colorado State University Regional Atmospheric Modeling
System (RAMS). Part I: Module descriptions and supercell
test simulations. J. Appl. Meteor., 43, 182–195.

Slingo, A., and M. Schreckner, 1982: On shortwave properties of
stratiform water clouds. Quart. J. Roy. Meteor. Soc., 108, 407–
426.

Snyder, C., and F. Zhang, 2003: Assimilation of simulated Dopp-
ler radar observations with an ensemble Kalman filter. Mon.
Wea. Rev., 131, 1663–1677.

Teixeira, J., and T. F. Hogan, 2002: Boundary layer clouds in a
global atmospheric model: Simple cloud cover parameteriza-
tions. J. Climate, 15, 1261–1276.

Tong, M., and M. Xue, 2005: Ensemble Kalman filter assimilation
of Doppler radar data with a compressible nonhydrostatic
model: OSS experiments. Mon. Wea. Rev., 133, 1789–1807.

Whitaker, J. S., and T. M. Hamill, 2002: Ensemble data assimila-
tion without perturbed observations. Mon. Wea. Rev., 130,
1913–1924.

Wyant, M. C., C. S. Bretherton, H. A. Rand, and D. E. Stevens,

1997: Numerical simulations and a conceptual model of the
stratocumulus to trade cumulus transition. J. Atmos. Sci., 54,
168–192.

Xue, M., M. Tong, and K. K. Droegemeier, 2006: An OSSE
framework based on the ensemble square root Kalman filter
for evaluating the impact of data from radar networks on
thunderstorm analysis and forecasting. J. Atmos. Oceanic
Technol., 23, 46–66.

Yum, S. S., and J. G. Hudson, 2001: Vertical distributions of cloud
condensation nuclei spectra over the springtime Arctic
Ocean. J. Geophys. Res., 106, 15 045–15 052.

Zhang, F., C. Snyder, and J. Sun, 2004: Impacts of initial estimate
and observation availability on convective-scale data assimi-
lation with an ensemble Kalman filter. Mon. Wea. Rev., 132,
1238–1253.

Zuidema, P., and Coauthors, 2005: An Arctic springtime mixed-
phase cloudy boundary layer observed during SHEBA. J.
Atmos. Sci., 62, 160–176.

Zupanski, D., and M. Zupanski, 2006: Model error estimation
employing ensemble data assimilation approach. Mon. Wea.
Rev., 134, 1337–1354.

Zupanski, M., 2005: Maximum likelihood ensemble filter: Theo-
retical aspects. Mon. Wea. Rev., 133, 1710–1726.

——, S. J. Fletcher, I. M. Navon, B. Uzunoglu, R. P. Heikes, D. A.
Randall, T. D. Ringler, and D. Daescu, 2006: Initiation of
ensemble data assimilation. Tellus, 58A, 159–170.

2776 J O U R N A L O F A P P L I E D M E T E O R O L O G Y A N D C L I M A T O L O G Y VOLUME 47




