
•KTF17 can describe cycles of growth and decay within an LES 
•KTF17 can describe all precipitating cases within our LES suite 
•KTF17 parameters are dependent on each other and the maximum cloud 
depth from the LES is the main driver of these relationships 

•LES meteorology overpowers KTF17 microphysical relationships

• Can KTF17 represent aspects of one LES? 
• Can KTF17 represent varying meteorological conditions? 
• Can KTF17 be useful for learning about stratocumulus clouds?
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Stratocumulus clouds

Extracting cycles from LES

Feature-based inversion results (contd.)
• Cloud decks can cover immense stretches of 

subtropical oceans that can reach 1000’s of km 
in scale 

• Cover approximately 20% of the Earth’s surface 
• Have two different configurations:  

“Open cell” (less reflective) 
“Closed cell” (more reflective) 

• Significant contributor to Earth’s energy budget  
• Large source of uncertainty in climate 

projections

Modeling stratocumulus clouds

Main Science Questions

KTF17 model (contd.)

Feature-based inversion results
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these equations is given in Fig. 2. The C population (e.g., rabbits)
begins to grow, but upon representing a significant food source to
R (e.g., foxes), C’s population diminishes. The fox population
grows until it has overdepleted C and then decays. In the absence
of predation, C begins to recover, and so the cycle continues. A
limit-cycle (or phase diagram) view of the solution is shown in
Fig. 2B and is a useful means of tracking the trajectory of the
two populations. Although the LVequations are highly simplified
and somewhat unrealistic (e.g., the exponential growth in prey
in the absence of predators), they prove instructive, and with
modification are very useful (16).

Consider now populations more pertinent to the aerosol–
cloud–precipitation system. The system exhibits numerous exam-
ples of coexistence of one or more components of the system.
Examples include:

• Clouds grow in unstable conditions and therefore “consume”
dynamical instability (17);

• Atmospheric aerosol particles are the nuclei upon which cloud
droplets form so that aerosol and cloud must coexist. Super-
clean aerosol environments do not support the existence of
stable cloud;

• Droplets consume water vapor and cannot thrive unless
dynamical forcing maintains a (super-)saturated vapor con-
centration;

• Cloud droplets coalesce to form rain drops which consume
cloud drops via collection. The formation of rain can spell
the demise of the cloud, or under some conditions, clouds
and rain may coexist. Because cloud drops form on aerosol
particles, rain that reaches the surface also indirectly consumes
aerosol;

• In mixed-phase clouds, water and ice can coexist or, under
some conditions ice grows at the expense of liquid water via
the Bergeron–Findeisin process, resulting in complete glacia-
tion and demise of the cloud.

We illustrate predator-prey behavior for a simple system com-
prising two primary populations: cloud and rain. A third popula-
tion, aerosol, mediates the interaction between these “species.”
Because the aerosol directly affects cloud drop concentration Nd,
we use Nd as a proxy for the aerosol. Consider model output
from large eddy simulation (LES) of a warm, marine stratocumu-
lus cloud (11) which solves the Navier–Stokes equations coupled
to detailed aerosol and cloud microphysics interactions and
represents a high level of complexity at significant computational
expense. Fig. 3 shows LES time series of liquid water path (LWP)
(column-integrated liquid water content, gm−2) and rainrate R
(mmd−1), which exhibit distinct predator-prey-like oscillations.
The formation of rainfall sets in motion a negative feedback; rain
depletes LWP and cloud depth H and slows down further rain
formation. Cloud has to thicken again before rain can reform.
The magnitude of the oscillations varies with time as a result
of LWP changing in response to various internal and external
forces. Thus the phase-space trace consists of a series of displaced
anticlockwise loops as opposed to the recurring, superimposed
loops in Fig. 2B. Nevertheless, in spite of the multiple process
interactions and feedbacks occurring in the system, the system
reveals a more simple emergent behavior (18) *.

Predictive Model
We build a predictive cloud model that addresses the cloud-rain
problem using source and sink terms that are based on physical
principles, distillation of knowledge acquired from a number of
intensive airborne field campaigns, and empiricism from detailed
models. The model is not designed to capture the details of the
system, but rather its emergent behavior. Instead of solving bal-
ance equations for both LWP (prey) and R (predator) as in Eq. 1,
we capture the essential physics with one equation for cloud
depth H plus a theoretically- (19) and empirically-based (7)
diagnostic equation for R, with an appropriate delay function. H
is intimately related to LWP (Eq. 2), and as will be shown in the
Results, has the benefit of producing a particularly simple analy-
tical steady-state solution. In addition, a second balance equation
is solved for Nd to account for its sometimes pivotal role in con-
trolling R (12), and because fixing Nd would be overly restrictive.
The proposed set of equations is just one of many alternatives,

Fig. 1. Satellite image showing a mesoscale cellular convective system in the
Atlantic Ocean. The image, taken by the NASA MODIS imager on board
the Terra satellite on July 21, 2004, shows bright, closed cellular regions
interspersed with open cell regions where a lace-like pattern of bright
cloudy filaments exist against the backdrop of the dark ocean. The scale is
approximately 1;300 km ðhorizontalÞ × 1;100 km ðverticalÞ.

A

B

Fig. 2. Solution to the Lotka–Volterra equations: (A) time series of predator
and prey; (B) limit-cycle view of (A).

*“emergent” behavior or “emergence” conveys the notion that system-wide patterns
emerge from local interactions between elements that make up the system.
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Feature-based inversion

Feature-based posterior distribution: 

model parameters
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prior likelihood

• Large variability within suite including:  
‣Cloud cover 

‣Droplet concentration (ranging from 10  to 60 ) 

‣Maximum cloud depth (ranging from 400 m to 1,200 m) 

cm−3 cm−3

Trends between meteorological conditions and KTF17

Large Eddy Simulations (LES)
• Realistic 3D and time atmospheric simulation that 

resolves clouds and relies on governing equations 
• Computationally expensive and produces GBs of  

output on atmospheric conditions over time

Predator-Prey dynamics and KTF17
• Predator-Prey dynamics lead to oscillations because of 

“competition” between predator and prey 
• We can port this idea to cloud modeling: interpret cloud 

as the prey and rain as the predator and we should 
observe cycles of cloud growth and decay

• KTF17 (nonlinear cloud and rain equation)1,2 model is based off this idea 
• KTF17 is a simple delay differential equation model

• Models two regimes 
1. Constant cloud depth: cloud rains out at 

the same rate as it replenishes 
2. Limit cycles: cloud grows until it can 

produce rain, then shrinks as rain depletes 
cloud

Spatial smoothing

Temporal smoothing

Detect cycles

Satellite image of stratocumulus clouds over Atlantic Ocean1

Snapshot of LES 
grid representing 

cloud depth 
values (white 

represents high 
cloud depth and 
black represents 
low cloud depth)

• We can define an LES feature as the average of all detected cycles within an LES 
• An LES feature is computed by executing a three step process: 

• Match only selected aspects 
(features) of data 

• Define likelihood based on these 
features 

• Infer model parameters using 
feature-based likelihood 

Model featuresParameters

Data

Feature-
based 

likelihood

Error models

Data features

FeaturesModel

Features

• After sufficiently sampling from the posterior distribution for each precipitating LES, we 
can identify the set of parameters that gives us the highest (mode) posterior probability

• We identify relationships between the KTF17 parameters and the meteorology from the LES 
as well as relationships between the KTF17 parameters themselves

• We have 16 precipitating simulations (LES suite) that we perform our feature-based inversion on
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Basic ideas of feature-based inversion

Application to stratocumulus clouds
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✓ = {H0, ⌧, T, ⇢}
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H0 � carrying capacity

⌧ � time scale

T � delay

⇢� scaling factor
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H(t)� cloud depth

H0 � cloud depth carrying capacity

⌧ � time scale

T � delay

⇢� scaling factor
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dh

dx
= 1� h� 1

µ
h2(x�D)

Non-dimensional form
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h� normalized height

x� normalized time

D � non-dimensional delay

µ =
1

⇢H0⌧

LES feature
Error model
Posterior samples
Posterior mode

Dimensional form
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h� normalized height

x� normalized time

D � non-dimensional delay

µ =
1

⇢H0⌧
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