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Introduction: Why are clouds important?

Clouds must be modeled accurately because clouds touch on 
many, if not most, problems in atmospheric science:

• Weather
• Climate
• Atmospheric Chemistry
• Remote Sensing
• Hurricanes
• Etc.



Why not resolve the clouds instead of using 
a cloud parameterization?

Because the computational cost is too high.  Many cloud 
features are smaller than the grid spacing that we can afford.  

For example, boundary layer cumuli in lowest few km of 
atmosphere may have drafts 100 m wide, whereas a typical 
general circulation model has grid spacing of 100 to 300 km.



Why develop new cloud parameterizations?

Why not wait until computers are powerful enough to 
resolve the clouds?

The Earth Simulator has already run a 16-day global 
simulation with 10-km grid spacing.



How long must we wait?  Moore’s Law

Moore’s Law (paraphrased):  Every 18 months, computer 
processing power doubles, if cost is held constant.

This implies an exponential increase in computer speed with 
time.  Moore’s Law is expected to hold for at least 10 more 
years, and perhaps 20 or more years.



Implications of Moore’s Law

Suppose typical general circulation models (GCMs) can use 
100-km grid spacing today.  Then Moore’s Law tells us that 
typical GCMs can use

• 10-km grid spacing in 15 years.

• 2-km grid spacing in 25 years. At this point, deep convective 
parameterizations will become obsolete.  However, we will 
still need boundary layer cloud parameterizations.
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Why do nonlinear functions lead to 
errors in parameterizations?

We know that for a nonlinear function, often:

What a model predicts if it 
ignores subgrid variability.

What we really want to 
parameterize.

Pincus and Klein (2000)
A      =     Autoconversion: cloud to drizzle
ql =     Liquid water mixing ratio

Overbar =     Grid box average



Jensen’s Inequality

For a special class of nonlinear functions, namely 
convex (i.e., concave up) functions, we have 
Jensen’s inequality (Jensen 1906):

. . . and vice-versa for concave (down) functions. 



Implication of Jensen’s Inequality

Jensen’s inequality means there is a systematic bias
in grid boxes that ignore subgrid variability (Cahalan 
et al. 1994).  Therefore, it is a stronger statement than 
merely noting that nonlinearity causes averaging 
errors.

A systematic bias is a bad thing for climate 
simulations!



An Example of a Systematic Bias: 
Kessler Autoconversion

Consider a grid-box-sized volume that is half cloudy 
and half clear: What is the Kessler autoconversion 
rate,      , of cloud droplets,     , to rain drops?  

The ``true” answer:

If we ignore subgrid
variability, we underpredict:

Larson et al. (2001)
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How Can We Fix the Biases?

We could remove the biases if we could predict the relevant 
subgrid PDF for each grid box and time step.  Then the 
problem is reduced to integration.

Grid box avg
autoconversion

Probability
density
function
(PDF)

``Local” value of 
autoconversion

Larson et al. (2002)



What is a Probability Density 
Function?

A PDF is a histogram:

Caveat: A PDF contains a 
tremendous amount of 
information, but none about the 
spatial arrangement of air 
parcels



We can generalize the PDF to include 
several variables

We use a three-dimensional PDF of vertical velocity, 
, total water mixing ratio,      , and liquid water 

potential temperature,      :  

This allows us to couple subgrid interactions of vertical 
motions and buoyancy.
Randall et al. (1992)



A 3D PDF allows us to model the buoyancy 
flux, which generates turbulence

The buoyancy flux depends strongly on the cloud regime 
but is known if the PDF is known.

Buoyancy Flux

Turbulence



An advantage of using PDFs: Consistency

Using a single, joint (3D) PDF allows us to find 
many closures that are consistent with one 
another.

Lappen and Randall (2001)



We think half our goal should be to 
parameterize the PDF

Often cloud parameterization is thought of as the separate 
closure of many microphysical, thermodynamic, and 
turbulent terms.  In contrast, our focus is on the 
parameterization of a single, general PDF.  

Caveat: the PDF does not help us close dissipation and 
pressure terms that appear in our equations. 



The Assumed PDF Method

Unfortunately, predicting the PDF directly is too expensive.

Instead we use the Assumed PDF Method.  We assume a family
of PDFs, and select a member of this family for each grid 
box and time step.  (We assume a double Gaussian PDF.)

Therefore, the PDF varies in space and evolves in time.

E.g., Manton and Cotton (1977)



The Double Gaussian PDF Family

A double Gaussian PDF is the sum of two 
Gaussians.  It satisfies three important 
properties:

(1) It allows both negative and positive 
skewness.

(2) It has reasonable-looking tails.
(3) It can be multi-dimensional.

We do not use a completely general double 
Gaussian, but instead restrict the family in 
order to simplify and reduce the number 
of parameters.



Steps in the Assumed PDF Method

The Assumed PDF Method contains 3 main steps that must be 
carried out for each grid box and time step:

(1) Prognose means and various higher-order moments.

(2) Use these moments to select a particular PDF member from 
the assumed family.

(3) Use the selected PDF to compute average of any higher-
order terms that need to be closed, e.g. buoyancy flux, cloud 
fraction, etc.



Schematic of the Assumed PDF method

Advance 10 prognostic equations

Select PDF from given family
to match 10
moments

Use PDF to close higher-order 
moments, buoyancy terms

Diagnose cloud fraction,
liquid water from PDFGolaz et al. (2002a)



Theoretical basis of the method

To predict the moments, we use standard higher-order  
equations, derived from the Navier-Stokes and advection-
diffusion equations.  Therefore, a lot of fundamental physics 
is built into the equations we use.  

We feel that this is a more solid foundation than building the 
parameterization on conceptual notions that are only 
obliquely connected to basic theory and measurements.  
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Our PDF-based closure model: hoc

We have constructed a 1D single-column cloud 
parameterization based on the Assumed PDF Method.  It is 
called ``hoc.”

It models boundary layer clouds and turbulence.

It is suitable for numerical models with vertical grid spacing of 
100 m or finer.

Presently the model does not include precipitation processes.
Golaz et al. (2002b)



PDF-based closure model: Results

Results from three different cases:
– FIRE: nocturnal stratocumulus clouds.
– BOMEX: trade-wind cumulus clouds.
– CLEX-5: mid-level altostratocumulus layer.

• Our goal is to avoid case-specific adjustments and/or a trigger function.

• Three dimensional large eddy simulations (LES) of all cases were

performed using COAMPS® for comparison purposes (``truth”).

Golaz et al. (2002b)

COAMPS® is a registered trademark of the Naval Research Laboratory.



Results: stratocumulus from FIRE

Averaging period



Results: stratocumulus from FIRE



Results: cumulus case from BOMEX

Averaging period



Results: cumulus case from BOMEX



Results: Mid-level clouds

Can the same SCM that we have used for boundary 
layer clouds also be used for mid-level clouds?



Results: Altostratocumulus (ASc) from 
CLEX-5

The SCM and LES show similar profiles of cloud fields.



Results: Does SCM capture observed decay 
of ASc cloud?

LES

SCM

The SCM and LES 
show similar time 
evolution of cloud 
water.



Results: Sensitivity study on robustness of 
ASc SCM modeling.

The SCM and LES show similar changes in cloud lifetime as 
forcings are varied. 

(Each point represents one 
simulation with a particular 
set of forcings. The solid line 
represents a perfect match 
between SCM and LES.)
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How To Include Autoconversion?

If               is a simple, analytic function, it is best to integrate 
analytically.  This is how we closed all terms in the non-
precipitating cases.  But what if             is a numerical 
subroutine?  What if       is multidimensional?

We want to generalize the model to include precipitation 
processes such as autoconversion.  Recall that the grid box 
average we need is given by the following integral:  



Monte Carlo Integration

We can approximate the grid box average using Monte 
Carlo integration.  That is, we sample           randomly, 
substitute these values into           , and compute            
as a typical statistical average.

We can choose a small number of sample points per 
grid box and time step.  Over many time steps, an 
unbiased average will emerge.  However, this 
procedure introduces statistical noise into the 
simulation.

Barker et al. (2002)



Monte Carlo Integration

Monte Carlo integration acts as an interface
between the host model and a microphysical 
parameterization. 

It allows a host model to use various 
microphysical parameterizations without 
major code changes. 

Pincus et al. (2003)



How can we reduce noise in Monte Carlo 
Integration?

To reduce the time-averaged noise, we may use 

Latin Hypercube Sampling.

McKay, Beckman, Conover (1979)

This is a type of Monte Carlo 
Sampling that spreads out the 
sample points, so that they don’t 
clump together, as can happen 
with straightforward Monte Carlo 
Sampling.



Latin Hypercube Algorithm

Suppose we want to choose a Latin Hypercube 
sample that consists of 3 points.

Suppose we want to choose points only from 
within cloud.



Latin Hypercube Algorithm: Step 1

We sample 
solely from 
within cloud 
(large qt). 

Each cube has 
equal 
probability.

PDF contour

cloud

clear



Latin Hypercube Algorithm: Step 2

``Cross out”
row and 
column 
associated with 
chosen cube.  



Latin Hypercube Algorithm: Step 3

Choose 1st

sample point 
from within 
first cube.  



Latin Hypercube Algorithm: Step 4



Latin Hypercube Algorithm: Step 5



Latin Hypercube Algorithm: Step 6



Latin Hypercube Algorithm: Step 7

LH guarantees 
that the sample 
has low, med, 
and high values 
of both w and qt .
I.e. points do not 
cluster.  



Latin Hypercube: Advantage

Latin Hypercube sampling is fairly general.  
That is, it is compatible with many 
microphysical parameterizations.  

It does not rely on the physics of the particular 
parameterization to reduce noise.



Latin Hypercube: Disadvantage

With one sample point per grid box and time step, 
Latin Hypercube sampling only reduces the 
time-averaged noise, not the instantaneous
noise.   To reduce instantaneous noise, we need 
to

(1) call the microphysics more often per grid box    
and time step (which costs more), or 

(2) use an additional noise-reduction technique.



Latin Hypercube: A Preliminary, Diagnostic 
Test

We test the Latin Hypercube method by comparing it with an 
exact, analytic integration.  

The test uses:

(1)  BOMEX trade-wind cumulus case.

(2)  Kessler autoconversion parameterization,                 .

(3)  LES to input liquid water field with variability.

Larson et al. (2005)



Instantaneous Results: Analytic 



Instantaneous Results: Monte Carlo 



Instantaneous Results: Latin Hypercube



Instantaneous Results: Latin Hypercube 
with 2 calls to microphysics



Time-averaged Results: Analytic

Average 
60 time 
steps.



Time-averaged Results: Monte Carlo 



Time-averaged Results: Latin Hypercube



Time-averaged Results: Latin Hypercube 
with 2 calls to microphysics



Feasibility of Latin Hypercube Sampling

Can a prognostic, interactive model handle 
the noise generated by Latin Hypercube 
sampling? 

We don’t know yet.  

Barker et al. (2005)



Conclusions:  Opinionated Comments

• Deep convective parameterizations have an ``expiration date,” but cloud layer 
parameterizations will be needed longer.  

• The Assumed PDF Method is appealing . . .

• because it is ``mathematically based” rather than ``conceptually based.” That is, 
it does not attempt to outsmart the Navier-Stokes equations (for the most part).

• The Assumed PDF Method may be useful for many nonlinear problems (e.g. 
atmospheric chemistry, CO2 transport? )

• Latin Hypercube sampling may provide a convenient, reasonably general 
interface between a host model and microphysical parameterizations (which 
avoids the need to rewrite microphysical code), if the host model can accept the 
statistical noise.



Thanks for your attention and hospitality!
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