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Uncertainty in cloud microphysics?
Cloud microphysics is often mentioned as a primary source of model error and 
uncertainty. Reasons are: 

There are still gaps in the empirical and theoretical description of 
microphysical processes like ice nucleation, aggregation and splintering of 
ice particles, collision rates in turbulent flows, breakup of drops etc.

The natural variability of clouds, cloud particles and aerosol is 
overwhelmingly large, e.g., the different particle habits (including degrees of 
riming), the time-spatial structures in clouds, as well as the particle size 
distributions etc.

The strong nonlinearity and high complexity of cloud processes hinders 
any rigorous analytic and theoretical approaches.

Although measurements have been improved over the last decades, e.g. 
Cloudsat, there is still a lack of detailed observations.
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Ice water content - a major uncertainty
 Klein and Jakob (1999) showed the importance of microphysical assumptions 

for the upper level cloud ice content in frontal clouds in the ECMWF model.

 A decade later, Waliser et al. (2009), show that there are still very large 
differences between climate models in ice water content (IWC).

 Although Cloudsat provides valuable information, the problems are still 
unsolved.

the extratropical and tropical values to be similar, except for
the ISCCP values which exhibit larger extratropical values
as well. In general, the CloudSat total values are not too
different than the MODIS values, but a factor of two, or
more, larger than the ISCCP, NOAA/NESDIS and ECMWF
values. The latter being one of the few cases that have an
extratropical average considerably less than the tropical
value. As demonstrated above, the NP and NC subsampled
version of CloudSat, suggested to be a slightly better

representation of just the cloud ice component of the IWP,
is about one third or so of the CloudSat total IWP. To the
extent the subsampled version is a better rough IWP
estimate, many models are within about a factor of 2 of
this value, although they themselves differ by well over a
factor of 4 and actually a factor of 20 when considering the
outliers, and their extratropical to tropical average ranges
between about 1 to 5. These issues point to the need for
continued work in refining both the retrievals and the model

Figure 17. Mean May–July 2006 IWC (mg m!3) at 215 hPa for (a) ECMWF analysis R30, (b) R31,
(c) the relative percent change ((R31 - R30)/R31 " 100), and (d) the overlapping MLS values.

Figure 18. Global (blue), tropical (30!N–30!S; red) and extratropical (>30!N,S; yellow) spatial mean
values of cloud IWP (kg m!2) for the GCM simulations shown in Figure 3, a subset of the satellite
retrievals shown in Figure 4, and the CloudSat NP and NC filtered values shown in Figure 15, and the
ECMWF value wn in Figure 17b. Note that the blue (yellow) bars of GISSEH and GISSER that
extend above the op of the plot have values of 0.21 and 0.22 (0.34 and 0.36), respectively.

D00A21 WALISER ET AL.: SATELLITE AND MODELED CLOUD ICE
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Mean ice water path in kg/m2 of Cloudsat and various models (Waliser et al. 2009)
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Different microphysics 
schemes can give very 
different results

Cloud top temperature in K, (a) observations, 
and (b-f) different microphysics schemes in 
WRF (Wu and Petty 2011, MWR)

 For example, Wu and Petty (2011) 
„Intercomparison of Bulk Microphysics 
Schemes in Model Simulations of Polar 
Lows“, Mon. Wea. Rev.
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Twelve hourly cyclone positions over 72 h 
for different microphysics schemes in WRF 
(Fovell et al. 2010)

 Another example, Fovell et al. (2010) 
found a pronounced effect of ice 
microphysical assumptions on hurricane 
tracks.

west, while W turned northward after 36 h and L tracked in
between. The L track has been shifted eastward relative to
its Paper 2 counterpart, influenced by the reduced upper‐
level humidity. The W6 and two Seifert tracks parallel K’s,
although at about half the speed.
[9] Taken together, the six storms could represent a

“landfall” span of about 115 km after 3 days, mainly
resulting from directional variations that appear after about
36 h rather than speed differences. Neglecting K, again the
group’s outlier, TC speed during the final 24 h varied little
among the runs (4.1 ± 0.4 km/h). However, the directions
ranged between −26 and 8 degrees relative to north, a span
of 34 degrees (Figure 1a, inset). If started from a common
point using mature period motion characteristics, the S2‐L
cyclone separation would become 82.5 km after a single
day, and storms S2 and W would be 149.5 km apart. These
values are comparable to the recent average forecast position
errors cited above.
[10] Curiously, the microphysical sensitivity nearly van-

ishes when CRF is neglected (Figure 1b). The MP schemes,
even K, produced very similar tracks, all turning northward
after 36 h. The relationship between the 850 mb symmetric
wind component at 400 km from the storm center and the
storm direction relative to north (Figure 1b, inset) reveals
that CRF‐off storms had weaker outer winds, which is
significantly correlated (R2 = 0.95) with a more northward
translation. The CRF‐off TCs also generated less diabatic
heating in the 200–400 km radial annulus, also well‐

correlated (R2 = 0.88) with motion direction (same inset).
Wang [2009] identified heating in the outer rainbands as a
principal factor influencing the azimuthally symmetric
structure of TCs, and Paper 2 demonstrated substantial wind
and track sensitivity to the manipulation of convective
activity in that region.
[11] It is also revealing to more directly inspect storm

asymmetries that have been linked to TC motion. The
CRF‐on cases present a variety of vertical velocity patterns
(Figure 2): weak and symmetric for K (Figure 2a); stronger
ascent concentrated in the SE quadrant for W6 (Figure 2b)
and S2 (not shown); and a rotation to east and northeast for
S1, L (Figures 2c and 2d) and W (not shown). In contrast,
the CRF‐off storms (Figures 2e–2h) are strikingly similar,
with relatively intense ascent located in the northeast sector
and closer to the center. The prominent updraft asymmetry
in these cases is likely due to vertical shear associated with
the beta effect [cf. Bender, 1997], as the ventilation flow
weakens with height in a warm‐core vortex. Observations
and theory [e.g., Frank and Ritchie, 1999; Corbosiero and
Molinari, 2002] confirm that convection tends to be con-
centrated on the downshear and downshear‐left flanks. CRF
appears to weaken the updrafts and the asymmetry; this
proceeds differently among the MPs, yielding the CRF‐on
experiment’s track variation.
[12] The potential vorticity (PV) tendency equation has

been shown to skillfully identify contributions to TC mo-
tion [e.g., Wu and Wang, 2000, 2001, hereafter WW]. The

Figure 1. Twelve hourly cyclone positions over 72 h for Kessler (K), LFO (L), WSM3 (W), WSM6 (W6), and two
Seifert‐Beheng (S1 and S2) simulations with CRF (a) on and (b) off. The 72 h K position is beyond the subdomain depicted.
U.S. Gulf Coast segment included for scale; the model has no land. Inset (Figure 1a): storm motion vectors for the 48–72 h
period. Inset (Figure 1b): motion relative to North versus symmetric 850 mb winds at radius r = 400 km from the eye and
column sum microphysics heating averaged through 200 ≤ r ≤ 400 km, and least squares fits.

FOVELL ET AL.: RADIATIVE IMPACT ON HURRICANE TRACK L07808L07808
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Different microphysics 
schemes can give very 
different results



Workshop on representing model uncertainty and error in numerical weather and climate prediction models, ECMWF, June 2011

Hovmöller plot of the surface rainfall rate for the (a) two-moment and (b) one-moment simulations. 
To highlight the stratiform rain precipitation region, moderate precipitation rates between 0.5 and 5 
mm h−1 are shaded gray. (Morrison et al. 2009, MWR)

 Better representation of stratiform regions 
of convective systems with two-moment 
schemes (Morrison et al. 2009, Baldauf et 
al. 2011)

 Many more studies show a positive impact 
of advanced schemes

 ... but there are also many studies showing 
no or only marginal improvement.

And better microphysics 
schemes can sometimes lead 
to better results
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12-h accumulated precipitation for a 00 UTC forecast using the COSMO model with 2.8 km grid 
spacing. Simulation of squall line event of 20 July 2007.

 Result of sensitivity studies with DWD‘s COSMO-DE (Baldauf et al. 2011)

Better microphysics schemes can sometimes give 
better results ...

observations              one-moment micro          two-moment micro
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Uncertainty of particle 
properties
 Ice particles have many different 

shapes or habits.

 Preferred growth regimes depend on 
temperature and supersaturation.

 But due to sedimentation and 
advection there is no unique 
diagnostic relation between state 
variables and particle habits.

 Only very few attempts have been 
made for prognostic habit prediction 
in cloud-resolving models, usually a 
few habits are prescribed.

Hexagonal plate

Stellar dendrites

Needles

Bullet rosettes

Rimed crystals

Pictures from 
SnowCrystals.com
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Uncertainty of particle 
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shapes or habits.

 Preferred growth regimes depend on 
temperature and supersaturation.

 But due to sedimentation and 
advection there is no unique 
diagnostic relation between state 
variables and particle habits.

 Only very few attempts have been 
made for prognostic habit prediction 
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Habit diagram of Bailey and Hallet (2009)
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Uncertainty of particle properties - fall speeds
 For the parameterization of sedimentation and growth rates the terminal fall 

velocity of the particles is of greatest importance 

small ice crystals                         precipitation-sized crystals
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Uncertainty of size distribution assumptions
 What we usually call particle size distribution is more precisely the spectral 

number density function, and following Gillespie (1972,1975) we may apply 
the following two models:

quasi stochastic: N(m,t) is the number of particles of mass m at time t.

pure stochastic: P(n,m,t) is the probability that exactly n drops have 
mass m at time t, and N(m,t) is the average number of particles of mass 
m at time t.

 Usually we follow the quasi-stochastic interpretation and neglect stochastic 
fluctuations of N(m,t). Gillespie (1975) gives an estimate for the amplitude of 
such fluctuations.



 In-situ measurements of snow particle 
size distribution in frontal clouds show 
a strong variation of the intercept 
parameter in the exponential 
distribution:

 This leads to an uncertainty, or model 
error, in the sedimentation velocity of 
snow and all microphysical process 
rates like depositional growth, 
aggregation etc.

 This variability has many sources, e.g., 
dynamical forcing, different particle 
habits, stochastic aggregation etc.

 One-moment approach insufficient?
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Uncertainty of size distribution assumptionsICE-PARTICLE SIZE DISTRIBUTIONS 2011

(a)

(b)

Figure 10. (a) N∗
0,23 = M4

2M−3
3 computed from measured values for ∼9000 ten-second ice particle size distri-

butions versus in-cloud temperature. The grey solid line is a least-squares fit: N∗
0,23 = 5.65 × 105 exp(−0.107Tc)

(m−4). (b) Histograms of the logarithm of the ratio of the measured N∗
0,23 to that derived using the temperature fit

shown in (a) (grey line), and to the value derived using a predicted value of M3 from the measured values of M2,
in-cloud temperature and the moment-relating power-law equations (black line).

logarithm of the rescaled measured PSDs. The results of the fitting exercise are given
in Table 3, and the graphical solutions can be seen overplotted in Fig. 11. A fit from
Lee et al. (2004) to drop size distributions using the third and fourth moments is also
shown in Fig. 11(d), and shows good agreement up to x = 2 with the fit found here for
ice PSDs. For larger sizes the generalized gamma fit decreases more rapidly than the
exponential distribution.

We can now test the ability of the universal distribution φEG,2,3 combined with
the power-law relations between moments to reproduce the observed PSDs. We have
decided to use the second and third moments in combination with the appropriate
universal distribution to predict the PSDs. Using too high or too low a moment would
emphasize the small or large end of the PSDs, which are known to be badly sampled
by 2D probes due to the probe response time, resolution and sample-volume issues.

N0 calculated from measured snow size 
distributions in frontal clouds (Field et al. 2005). 
Scatter can be further reduce by applying 
double-moment scaling.

N(D) = N0 e
−λD
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Uncertainty of size distribution assumptions
 Time evolution of raindrop size 

distribution during a convective 
event (Seifert 2008)

 Gamma distribution parameters:

 Observations show similar time 
evolution, e.g. Zhang et al (2001).

 Important for evaporation of rain 
below cloud base.

 One-moment schemes are 
insufficient to represent such 
details (Morrison et al. 2009)

high values but remains low, reaching only a value of 3
at the end of the event. The two-moment scheme cap-
tures these differences to the nonevaporating case quite
well, although the increase of ! in the final stage of the
event is now too strong. This could only be improved by
making ! a function of relative humidity. As it is now,
the !–Dm relation [Eq. (20)] tries to make a compro-
mise between nonevaporating and heavily evaporating
situations.

Figure 10 shows similar time series for a weaker pre-
cipitation event with an initial cloud water content of
L0 " 1 g m#3. The time evolution is now much slower
(e.g., the maximum rain rate is reached after 45–50 min
compared to only 20 min for L0 " 7 g m#3 in Fig. 9) and
the maximum rain rate is about an order in magnitude
smaller, reaching only 13 mm h#1 in the bin model. An
interesting difference to the strong precipitation event

is that the event now starts with relatively small drops
and the largest mean diameters occur during the period
of the highest rain rates. In some sense this is no longer
a convective rain event; rather, it has more of the char-
acter of stratiform precipitation. The two-moment
scheme overestimates the maximum precipitation rate,
which also occurs a bit too early (3 min to be precise).
The correspondence in mean diameter is very good
(e.g., with a maximum mean diameter of about 0.85 mm
in both models), but significant differences exist for the
shape parameter. Without evaporation being active, the
bin model simulates quite narrow size distributions
even in weak precipitation. In the two-moment scheme,
the shape parameter ! cannot exceed a value of 7 be-
cause for this event the mean diameter is always smaller
than Deq. Assuming a constant relative humidity of
90%, about 70% of the precipitation evaporates and

FIG. 10. As in Fig. 9, but for L0 " 1 g m#3 (i.e., a weaker rain event) with (left) RHpbl "
100% (i.e., no evaporation) and (right) RHpbl " 90%. Note the different scaling of the x and
y axes compared to Fig. 9.

FIG. 9. Time evolution of the rain rate R (blue), the shape parameter ! (red; plotted is 0.1!),
and the mean volume diameter Dm (green) for a strong rain event with L0 " 7 g m#3, rc "
13 !m, zbase " 3 km, ztop " 8 km, and (left) RHpbl " 100% (i.e., no evaporation) and (right)
RHpbl " 70%. Solid lines are the results of the bin model, dashed lines represent the bulk
model.

NOVEMBER 2008 S E I F E R T 3615

Fig 9 and 10 live 4/C

Time evolution of the rain rate R (blue), the shape 
parameter µ (red), and the mean vol. diameter (green), 
bin (solid) and two-moment bulk (dashed) scheme.

N(D) = N0 D
µ

e
−λD
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Aerosols as a source of uncertainty

 Aerosol indirect effects are a major scientific challenge in climate research

 Sensitivities to aerosol assumption have received less attention in NWP, 
maybe because the radiative indirect effects are less important on short 
timescales, and aerosol-cloud-precipitation effects are difficult to quantify.

 Recent studies suggest that aerosol indirect effects are maybe smaller than 
previously thought:

Posselt and Lohmann (2009) point out that climate models with diagnostic precipitation 
overestimate the importance of autoconversion compared to accretion. This affects the CCN 
sensitivity, because accretion has a weaker dependency on cloud droplet number.

Grabowski and Morrison (2011) show that the CCN sensitivity of radiative-convective 
equilibrium simulations is reduced when using a more sophisticated two-moment scheme.

Stevens and Feingold (2009) emphasize the importance of negative dynamical and 
microphysical feedbacks which buffer the system and lead to much weaker sensitivities.
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Aerosol-cloud-
precipitation effects

 Different cloud regimes can 
show very different sensitivities 
to cloud condensation nuclei 
(CCN), e.g. Khain (2009) 

Classification scheme of aerosol effects on 
precipitation of Khain (2009).
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Re-forecasting experiments with COSMO-DE
 Use the operational convective-scale NWP model COSMO-DE 

as a framework to investigate aerosol-cloud-precip effects
 We replace the simple one-moment microphysics with the two-

moment scheme of SB2006 including an explicit cloud-
radiation coupling (Zubler et al. 2011)

 But no data assimilation, all simulations start from the same 
operational COSMO-DE analysis. This will lead to a model 
spin-up (or spin-down).

 Instead of the operational 21 h forecasts, we have performed 
48 h simulations to have a better control of spin-up and trends 
in our evaluation.

 Simulate JJA of 2008, 2009 and 2010 to assemble a large 
enough dataset covering many cloud regimes for statistical 
evaluation.

 Main research question: Many idealized simulations show 
quite strong CCN sensitivities. Will this convective-scale 
NWP model show a more robust behavior?

COSMO-DE model domain, 
and the evaluation region with 
the orography shown. Grey 
region show the coverage of 
the German radar network.
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The Seifert and Beheng two-moment scheme: 
 Extended version by Blahak, Noppel, Beheng and Seifert

Number and mass concentrations 
of 6 different species

•  cloud droplets
•  rain drops
•  cloud ice
•  snow 
•  graupel
•  hail (including wet growth)

Drop activation/nucleation scheme using 
Segal&Khain (2006).
Homogeneous ice nucleation based on 
Kärcher et al. (2008).
Heterogeneous ice nucleation using the 
empirical scheme of Phillips et al. (2008).
 Factor 10 modifications of CCN/IN 

assumptions as sensitivity studies.
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Sensitivity of average cloud properties to CCN / IN

 higher CCN concentration leads to an increase in cloud water and snow, but 
cloud ice decreases.

 increasing the IN concentration leads to more snow, and reduced cloud water, 
i.e. the cloud glaciates more rapidly.

Seifert et al.: Aerosol-cloud-precipitation effects over Germany 3

a) CCN sensitivity at low IN b) CCN sensitivity at high IN

c) IN sensitivity at low CCN c) IN sensitivity at high CCN

Fig. 2. Time series of integrated water column averaged over the evaluation domain comparing the CCN and IN perturbation experiments
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Cloud glaciation for 
different CCN / IN

 more IN lead to a 
more efficient 
glaciation

 less CCN lead to a 
more efficient 
glaciation, because 
large drizzle drops or 
rain have a higher 
freezing probability

4 Seifert et al.: Aerosol-cloud-precipitation effects over Germany

a) high CCN, low IN b) low CCN, low IN

c) high CCN, high IN c) low CCN, high IN

Fig. 3. Probability density function of ice fraction in % as a function of temperature. Shown are the 4 experiments with high CCN, low IN
assumptions (a), low CCN, low IN (b), high CCN, high IN (c) and low CCN, high IN (d).

Teller, A. and Levin, Z.: The effects of aerosols on precipitation
and dimensions of subtropical clouds: a sensitivity study using a
numerical cloud model, Atmos. Chem. Phys., 6, 67–80, 2006.
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Variability of 12-h accumulated precipitation
 In most cases the sensitivity of 

area-averaged precipitation to 
CCN / IN perturbations is smaller 
than 10 %.

 The mean and the median are 
below 5 %.

 Sensitivities of 20 % in both 
directions are possible.

 higher IN (and CCN) 
concentrations lead to more 
precipitation, i.e. dynamics 
dominates of microphysics effects.

Box-whisker plot of relative change of 12-h accumulated area-averaged precipitation of JJA 
2008-2010. Shown are changes relative to mean of all experiments and the precipitation data 
has been averaged over either one of the three sub-domains. The bottom and top of the 
boxes are the lower and upper quartiles, the line near the middle of the boxes is the median, 
whiskers are the 5th and 95th percentiles and the stars represent the mean value.
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Aerosol indirect effect on 2m-temperature

 CCN/IN assumption lead to 
about 0.5 K difference in mean 
maximum temperature. Much 
larger for individual cases!

 Preliminary result, because cloud 
structures and radiative fluxes 
need to be carefully validated.

Seifert et al.: Aerosol-cloud-precipitation effects over Germany 11

Fig. 9. Time series of 2m-temperature averaged over the full evaluation domain. Shown are synop measurements, the six two-moment
microphysics experiments, and the control simulation using the operational one-moment scheme.

Fig. 10. Precipitation susceptibility to changes in CCN number for 12-h accumulated precipitation as a function of mean CAPE (averaged
data of all three subdomains, red markers indicate a precipitation amount exceeding 1 mm, blue markers precipitation exceeding 0.1 mm).
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Nonlinearity, complexity and buffered systems
 Clouds are highly nonlinear, complex multiscale phenomena. Thus strong 

negative feedbacks can lead to a buffered behaviour of the system.

1. Nonlinearity:

Buffered response to polluted aerosol 
conditions:

➔ higher CCN 
➔ higher Nc 

➔ Lc increases 
➔ precipitation decrease much weaker 

than expected from N2

c

Seifert et al.: Aerosol-cloud-precipitation effects over Germany 3

a) CCN sensitivity at low IN b) CCN sensitivity at high IN

c) IN sensitivity at low CCN c) IN sensitivity at high CCN

Fig. 2. Time series of integrated water column averaged over the evaluation domain comparing the CCN and IN perturbation experiments
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Nonlinearity, complexity and buffered systems
2. Complexity

Multiple precipitation pathways do also 
lead to a buffered system.

Buffered response to polluted aerosol 
conditions:

➔ higher CCN 
➔ higher Nc 

➔ autoconversion decreases
➔ more ice particles
➔ more precipitation from snow, 

graupel and hail

Potential model error: Lack of complexity 
leads to spurious sensitivities
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Nonlinearity, complexity and buffered systems
2. Multiscale response

Multiscale phenomena and cloud 
dynamics do also provide strong 
negative feedbacks.

Buffered response to polluted 
aerosol conditions:

➔ higher CCN 
➔ higher Nc 

➔ autoconversion decreases
➔ more ice, stronger latent heat 

release
➔ increase updraft velocity
➔ increase in precipitation

smoke from ship smokestacks in otherwise
pristine clouds over the ocean (17). This created
the expectation that polluted areas would suffer
from reduced rainfall. On the other hand, it was
expected that accelerating the conversion of
cloud water to precipitation (i.e., increasing the
autoconversion rate) by cloud seeding would
enhance rainfall amounts. It turns out, however,
that polluted areas are not generally drier, and
rain enhancement by cloud seeding remains
inconclusive (18, 19).

With the advent of satellite measurements,
it became possible to observe the larger pic-
ture of aerosol effects on clouds and precip-
itation. (We exclude the impacts of ice nuclei
aerosols, which are much less understood than
the effects of CCN aerosols.) Urban and in-
dustrial air pollution plumes were observed to
completely suppress precipitation from 2.5-km-

deep clouds over Australia (20). Heavy smoke
from forest fires was observed to suppress rain-
fall from 5-km-deep tropical clouds (21, 22).
The clouds appeared to regain their precipitation
capability when ingesting giant (>1 mm diame-
ter) CCN salt particles from sea spray (23) and
salt playas (24). These observations were the
impetus for the World Meteorological Organi-
zation and the International Union of Geodesy
and Geophysics to mandate an assessment of
aerosol impact on precipitation (19). This report
concluded that “it is difficult to establish clear
causal relationships between aerosols and precip-
itation and to determine the sign of the precipi-
tation change in a climatological sense. Based on
many observations and model simulations the ef-
fects of aerosols on clouds are more clearly un-
derstood (particularly in ice-free clouds); the
effects on precipitation are less clear.”

A recent National Research Council report that
reviewed “radiative forcing of climate change”
(25) concluded that the concept of radiative
forcing “needs to be extended to account for (1)
the vertical structure of radiative forcing, (2) re-
gional variability in radiative forcing, and (3)
nonradiative forcing.” It recommended “to move
beyond simple climate models based entirely
on global mean top of the atmosphere radiative
forcing and incorporate new global and regional
radiative and nonradiative forcing metrics as they
become available.” We propose such a new met-
ric below.

How Can Slowing the Conversion
of Cloud Droplets to Raindrops
Enhance Rainfall?
A growing body of observations shows that sub-
micrometer CCN aerosols decrease precipitation

Growing Mature Dissipating
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0°C

Direction of airflow

Ice and snow crystals

Graupel or small hail

Raindrop

Larger cloud droplet

Small cloud droplet

Smaller cloud droplet

Aerosol particles

Fig. 2. Evolution of deep convective clouds developing in the pristine
(top) and polluted (bottom) atmosphere. Cloud droplets coalesce into
raindrops that rain out from the pristine clouds. The smaller drops in the
polluted air do not precipitate before reaching the supercooled levels,
where they freeze onto ice precipitation that falls and melts at lower
levels. The additional release of latent heat of freezing aloft and reab-

sorbed heat at lower levels by the melting ice implies greater upward
heat transport for the same amount of surface precipitation in the more
polluted atmosphere. This means consumption of more instability for the
same amount of rainfall. The inevitable result is invigoration of the con-
vective clouds and additional rainfall, despite the slower conversion of
cloud droplets to raindrops (43).
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Figure from Rosenfeld et al. (2008). See also Seifert 
and Beheng (2006) for a numerical simulation of this 
aerosol-dynamics feedback.
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Conclusions and Outlook

 Uncertainties, approximations and even model errors are numerous in 
parameterizations of cloud microphysics. Examples are

1. Particle habits
2. Particle size distributions
3. Aerosol effects on cloud microphysics

 More advanced (two-moment) schemes may improve some aspects and help 
to explain more variability, but large uncertainties will remain.

 Strong negative feedbacks make the system very robust (or buffered), which 
can, on one hand, help to make useful forecasts even if some parts of the 
model have significant errors. On the other hand, the numerous negative 
feedbacks lead to compensating errors and make it very cumbersome to 
attribute errors to individual processes.



Workshop on representing model uncertainty and error in numerical weather and climate prediction models, ECMWF, June 2011

Conclusions and Outlook

 Some ideas for stochastic parameterization approaches:

A) Particles habits: A stochastic Markov jump model which follows the 
thermodynamics habit diagram, but can mimic effects of advection and 
sedimenation by delaying the transition between habits.

B) Particle size distribution: Sampling the PSD sounds attractive due to its 
probabilistic interpretation, but is maybe only appropriate on LES scales.

C) Aerosol effects: The time-spatial variability of the aerosol distribution 
could be represented by a very simple aerosol model, or alternatively a 
cellular automaton, that might have little deterministic forecast skill itself, 
but is able to represent the natural variability in a statistical sense.


