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Infroduction

» Microphysics parameterizations
play a crifical role in high-
resolution quantitative
precipitation forecasts.

B (deal case (1 CPU)  Real case (48 CPUs)

| MORR 21 (28.0%) 87 (14.3%)
r, the execution time of 25 (33.3%)

: : : 24 (32.0%) 124 (20.4%)
lex microphysics schemes is
reldtively long, posing a challenge A RN SR

accelerating microphysics
rocesses.

To develop a machine learning model that can effectively
improve and accelerate microphysics in the model.




Collision coalescence processes
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E. = EcollitEern

Why we focus on collision and coalescence

processese

1. Highly nonlinearity

2. Potential bias in current model

3. Can be computational expensive




Methodology

g o Y

Building “theoretfical model “
Producing training & validation datao
Training machine learning model
Implement into WRF model
Evaluating the performance
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Theoretical model

» |npuivariables (total ten variables)
» Hydrometer distribution factors, aspect ratio, density

Air density, temperature

»/Output variables
» Change of hydrometer Moments

» Using C++ for speeding up

» Considering fall speed, collision efficiency, and
using numerical integration, following B&hm's work 4 *

BShm (1992¢)
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=== Hall (1980)
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Machine learning Model

double coaldM&(double * input) {

» XGBoost (eXireme Gradient Boosting) e movare} >= o.000038873566) {

if (input[1l] »>= 6.0066058218866) {

c c if (input[3] »= 8.8814235718) {
= based on the gradient boosting framework £ (ipie3] 3 0.008511030) |
if {(input[3] »>= 9.918746888) {
. . . if (input[®] »>= 5.8282826) {
» The tree-like model can be easily transform info | e T enseeesa;
FORTRA COde . vard = -@.7998761;
T else {
» Training data and result ) etse ¢
dataset produced by theoretical model
®» /The performance of ML model significonﬂy e_a ML model e CLOS s MORR s WDMG
petter than other collision kernel in other 107 0.9749 0.3765 >10.7448 g] 034
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Evaluate the performance of ML
model

®» Implement into WRF 4.4.2

» Test with [dealized 2d squall line experiment
»?d squall line is common idealized case for testing MP scheme
» Other physic schemes are disabled

®» Experiment design:
»TCWA2: CWA two moment MP scheme

»TCWA2_ML: modified TCWA2 warm rain processes with machine
learning model

= Morrison
»WDMé




Precipitation intensity

TCWA2 ML
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a) ice mags concentration [kg m™] b) Snow miass concentration [kg m™] ¢) Graupellmass concentration [kg m™]
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Graupel distribution at 3 hr

TCWAZ2 ML
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Computational efficiency

« 23% reduced computational time for TCWA2_ML. But still higher
than Morrison and WDMé

* Note that Morrison and WDMé is not complete 2-moment
scheme

Morrison: cloud drop is one moment
« WDM6: ice phase hydrometers are one moment

% 100% 71% 34% 28%



Summary

1. We develop machine learning model using XGboost
algorithm, and the training data is based on theoretical

collision model

2. Insquall line idealized case, machine learning model
enhanced warm rain processes and reduced stratiform

cloud development

3. 23% reduced computational time for TCWA2_ML.




Future work

®» |mprove the theoretical model
®» [ce phase hydrometers density
» coalescence efficiency

® |ce phase hydrometers collision coalescence
OrOCEeSsSeS

®» Reql cases simulation




Thank you for listening!
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Altitude [km]

Altitude [km]

a) ice mass concentration [kg m~]

b) Snow mass concentration [kg m~]
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