The Bayesian Observationally-constrainec
bhysical Scheme (BOSS):

d NOVE

S_

atistica

mMicrophysi

cal parameterization

ramewor

leverages uncertain observational |

Nformatio

Marcus van Lier-Walqui (Columbia U. & NASA/GISS)
Matthew Kumijian, Charlotte Martinkus (Penn State U.)

Hugh Morrison (NCAR)

Olivier Prat (NC State University & NOAA)

< that

N



Big [rouble in Microphysics

» [here are large gaps In our understanding and model representation
of atmospheric processes

o Cloud microphysics is a prime offender

» Result: our models have limrted fidelity

o We have lots of observations, but do we use them well!
o e.g.do we respect/understand their uncertainties!

o e.g.do we fully utilize their information content?



Micropnysics Uncertainty Results
N Forecast Uncertainty
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o For data assimilation: Poor
ensemble spread

o Limitations for use of
models to understand

microphysics (. Fan)



Tuning Knobs
In Microphysics Schemes



Tuning Knobs
In A "Black Box”

(Parametric Uncertainty)



Quantitying Microphysics Uncertainty
can be done, but Is not easy

o Posselt and Vukicevic 2010,
van Lier-Walqui et al 2012,
van Lier-Walqui et al 2014

Parameter—Process Joint PDF — Convective (60 minutes)

o Estimate microphysics scheme
barameter probability density
with radar constraint

PSFW PSACW PSDEP QRACS QGACW PRACW

o Nonlinearities, non-Gaussian
Probability Density Functions

(PDFs) result in difficulties for
parameter estimation
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We're Still Just Turning Knobs

(Parametric Uncertainty)



And [ here Are Lots Of Black
Boxes Out [ herel

(Structural Uncertainty)
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Each scheme has Parametric Uncertainty,
Choice of scheme represents Structural Uncertainty




A challenge for constraining
Microphysics Uncertainty

» How do we address parametric (best parameter values) AND
structural (best choice of scheme structure) uncertainties?

» Even If we perturb/estimate parameters in all available, existing

schemes, how do we adequately weight individual schemes!

o For ensemble prediction, how do we span the space between
discrete choices of microphysics schemes!?

» We need a new microphysics scheme framework to adequately

address these questions



Microphysics scheme “wish-list”

Flexible Drop Size

Distribution (

(no fixed functiona

form)

DS

D) assumptions

Flexible process rate formulation (e.g. power series)

Very few ad-hoc parameter choices and assumptions

Structural complexity that can be added/subtracted as

needed as requirec

by comparison to observations



BOSS

Bayesian (we treat uncertainties robustly)

Observationally-constrained (scheme Is informed by
comparison to observations)

Statistical-physical (we don't just want a statistical

scheme, but we will use statistics)

Scheme (liquid-only at this point)



BOSS, Simplified

Markov Chain
Radar 4 Monte Carlo
Observations sampler

Polarimetric ROSS

- forecast

ldealized | D
rainshaft

Observed Rainshafts

PDF of parameter values
optimal parameter value
uncertainty in parameters

Optimal complexity of BOSS



What do we get out of BOSS!

» Estimate of optimal Parameter Probability Density Function (PDF)

barameter value and
barameter uncertainty
(pI”Obablhty d@ﬂSitV). . . / » Contours and histograms\

show (marginal) probability

in parameter space as
estimated by MCMC

o A”O\/\/S Uus to: > « Red crosshairs indicate

maximum probability (MAP)

from MCMC sample

2-moment (number, mass) BOSS, constrained by 3-moment MORR

o Forecast uncertainty
due to microphysics
uncertainty

o Relationships/
sensitivity between
observations,
parameter values, and
simulated
microphysical
processes (not shown)




Rainshaft Forecast Uncertainty
Constrained by 20 3-moment MORR simulations

o (enerally good agreement o Uncertainty is also
between BOSS and MORR simulation-specific and
» Evaporation-dominant cases represents where has BOSS

are better constrained s stronger/weaker



Forward Operator Challenges

o Typically, radar variables are
calculated from a DSD,
assuming some dependence
on drop size, by integrating
the DSD

» We have no DSD to

integrate , only moments
(any we choose, though!)

o M), = D*N(D)dD
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distribution of points within
? a particular M-Mg bin in 3D
15 (blue), with 2D projections
) (gray) on each wall.

3

0.5

S0

o Mine bin DSDs (199,000,000+) to extract relationships between
DSD moments and polarimetric observations

o Do the same for disdrometer data (21,600+ DSDs)

o Estimate forward simulator uncertainty based on spread in radar
variables for a given prognostic moment combination



CONCLUSIONS

» We have created a new « Ongoing challenges:

microphysics scheme that:
» Develop radar forward

* eschews assumptions about operator (poster # | 20)
DSD and functional form of
process rates » Assemble appropriate

observations
* Allows for constraint and

estimation of both parametric » Develop MCMC sampler to
and structural uncertainty automatically choose number
using observations of power-series terms

Come visit our posters! — #1119 & #120



Process PDFs

Joint plots show relationships e Mass evaporation is well

between parameter constrained
berturbation and process » Processes that affect number
response are poorly constrained (number

evaporation, collision-
coalescence, breakup



BOSS, More Complicated

Polarimetric
Radar
Observations y Calculate

“Likelihood” |
Error model of parameter values Accept/Reject

(obs, fwd obs) P(y|x) based on “Posterior”
Probability

P(Jy) ~ P/RIP(3)

Radar Calculate Prior
forward Probability Save parameter

operator P(x) values In ‘‘chain”

Draw new
parameter values
X

ONN
forecast






