Modeling clouds with probabilistic cellular automata
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5. Inference from high-resolution cloud data

representation) of clouds and convection is of great impor-

(a)

We infer PCA rules from data. This can be high-resolution cloud

tance. Climate and weather prediction models have too coarse
resolutions to resolve these processes, therefore they must be

data, e.g. radar data. We estimate the probability of a transition from

represented in a simplified way. An emerging approach is the

state α to state β given the state of the neighboring cells Y{n} = δ

use of cellular automata (CA) to represent clouds, convection

i
pδ,γ (α, β) = Prob(Yni (t+∆t) = β|Yni (t) = α, Y{n}
(t) = δ, Ψi (t) = γ),

ter combined with the ability to self-organize into spatial structures. As clouds and convection interact with the atmospheric

(3)

circulation, the CA are coupled to the partial differential equa-
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struct probabilistic CA (PCA) emulating the development of
ment in this approach.

1. Clouds & convection

1[Yni (t

+ ∆t) =

β]1[Yni (t)

=

i
α]1[Y{n}
(t)

= δ]1[Ψi (t) = γ].

t,n

An accurate representation (or "parameterization") of clouds in cli-

8

We choose neigborhoods of 8 cells, giving M possible neighbor-

mate and atmosphere models is a major challenge that has to be

ing cell configurations. Clearly, the number of configurations grows

tackled in order to improve weather prediction and climate models.

very rapidly as M increases. Therefore, we reduce the number of

The IPCC report of 2007 [1] states that “cloud feedbacks remain

possibilities by using a reduction function g , and instead of (3) we

the largest source of uncertainty in climate sensitivity estimates”.
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fore, there is a great need for new methods for representing clouds

Yni (t

0
0

500

100

200
300
Time [min]

400

500

Figure 5 Cloud type area fractions of high-resolution model data (left) and PCA

plication for PCA. A first step has been made by using statistically inferred PCA. Specific challenges lie in controlling the
large number of rules for the PCA, the interaction between PCA
and discretized PDE and the inference of rules from data.
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Figure 2 (left) Snapshots of high-resolution model cloud type data and (right)

closely related process: clouds arise often in rising warm air. There-
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Modeling clouds and convection is a new and challenging ap-

Tδ,γ (α, β) =
X

40

Conclusions

where

convective clouds. Statistical inference for PCA is a key ele-
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(right)

Tδ,γ (α, β)
p̂δ,γ (α, β) = P
β Tδ,γ (α, β)

we used data of high-resolution convection simulations to con-
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using the estimator

tions (PDEs) that model the atmosperic flow. In a recent study,

Convection, the vertical motion of air due to thermal effects, is a
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and the atmospheric state Ψi = γ

and other subgrid processes, thanks to their random charac-
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model data (Figure 1) as well as high-resolution observational cloud
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For climate and atmosphere models, the parameterization (or

+ ∆t) =

β|Yni (t)

= α, g


i
Y{n} (t)

= δ, Ψi (t) = γ).
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4. Interaction between PCA and PDE
The PCA on the 2D micro-grid determines the cloud type area frac-
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dΨ
= F (Ψ, σ1 , . . . , σM ).
(1)
dt
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i
.
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i

i

multicloud model for stochastic parameterization of deep convection. Phil. Trans.

Currently we are working on the construction of a cloud type PCA
using observational data from radar measurements. This PCA has

M = 3 states. See Figure 4 for preliminary results.
(a)

150

tions that are used in the discretized PDE (1). For a full coupling
i
the time evolution of the σm
should depend on Ψi . Thus, the rules

[7] Dorrestijn J, Crommelin DT, Biello, JA, Böing, SJ. 2013 A data-driven

deep
stratiform
clear

0

Horizontal length [km]

2. A simplified representation of clouds

Horizontal length [km]

1

3

150

[8] Bengtsson L, körnich H, Källén E, Svensson E. 2011 Large-scale dynamical
response to subgrid-scale organization provided by cellular automata, J. Atmos.
Sci.68 3132-3144

deep
stratiform
clear

0

i

Prob(Yn (t + ∆t) | Yn (t), Y{n} (t), Ψi (t) ) ,
-150
-150

where {n} denotes the neighborhood of the n-th cell of the microgrid. In this manner, the PCA on the micro-grid interacts with the
discretized PDE on the macro-grid.
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