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Presenter
Presentation Notes
Thanks Pete and good morning, every body. My name is Yangang Li. In next 30 min or so, I’ll give a brief introduction of the faster project. The project is really a team effort; but I will take full responsibility if I do not introduce the project clearly. Here is the outline of my talk.


2 Shallow Cumuli
as Open Multi-Physics System
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(See Lu et al, 2011, 2012, 2013 and 2014
for entrainment method, and mixing processes)

Approach: examine the relationship of entrainment rate to the
other key variables in growing shallow cumuli.
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Four key microphysical properties


Relationship between Entrainment
Rate and Vertical Velocity
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e Method for estimating
entrainment rate (Lu et
al., GRL, 2012)
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The negative correlation provides observational evidence for
Parameterizing entrainment rate as a function of updraft velocity.
But ....



- More Pairwise RelationshiEs
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These results suggest shallow cumulus is a system in which many variables
are related to one another but only with partial correlations around 0.5.
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Presentation Notes
Check the calculation of Da; repeat Lehmann’s figure


Q: How to develop parameterization for a system with
a number of partially correlated relationships?

A: Use stepwise multi-variate PCA regression.
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Presentation Notes
Check the calculation of Da; repeat Lehmann’s figure


Regression Improves with Adding Variables
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Vertical velocity, buoyancy, dissipitation rate, RH and aerosol
concentration each carry similar significance in representing
entrainment rate; the best parameterization considers them all.



The Best Parameterization

oL

2=1.6e-3w 031011 0-Br 18 perosol Y

N W o
)

—
%

.
%

Fitted Entrainment Rate ) (km'1)

cQ
LY

1 2 3 4 5
Observed Entrainment Rate A (km'1)

Future Work:
1) Validation against independent obs, e.g., at ENA site
2) Advanced cause-effect-feedback analysis



Deeper Physical Question:
How to address such a multi-

physics system with multiple
"grey” cause-effect-feedbacks?

Thanks for your attention and comments!


Presenter
Presentation Notes
Good morning, this research is driven by two well known uncertainties. No. 1,  representation of clouds and precipitation is among the largest uncertain in climate models. No2. indirect aerosol effects are the most uncertain climate forcing.  With these issues in mind, the primary objective of our research is to develop parameterization of cloud microphysical properties that are critical for assessing indirect aerosol effects.  Specifically, we focus on specification of effective radius, which is key to 1st indirect effect, and parameterization of autoconversion process, which is key to the second aerosol indirect effect. throughout our research, we put special emphasis on physics, and made every effort to derive parameterizations from first principles and reduce the number of tunable parameters in parameterizations..  To echo Tom’s response to Tony’s blurry parameterization Monday evening (As usual you miss all the physics), we hope our physics-based parameterizations can make his photograph less blurry. 
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