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Identify Potential to Improve Ensemble Sub-seasonal
Precipitation and Temperature Forecasts
With Ma.ChinQ_Lealrning' Te¢hn010gy T

FEEESS e \
y .
/ 3 | =
e e £ b _
TS II \'
Y
af "u
.'I \I
."I ) "
.'l o — . — .II
! si—-a |
e ek
R e
;e ik
A

o
-
*
w — P
AL

_-‘ ey
e
5 m
b ;
\\Q

|
N
Tl
O
Lh -ﬂr.‘ ¢
I|§‘.I. b
1 3

i\

]
&y
“

" IClimate Predlgﬁnn‘i?entgr;v"" =

2 Environmental Modehng Center
3ERT at Climate Prediction Center

NOAA Cente&*for Weather and Climate Predlctlon _
® | 48" NOAA CDPW, Mar. 26-29, 2024 Tallahassee, FL

* FF



Outline

* Motivation & DL Basic
* Applications
* Summary

Artificial Intelligence

Machine Learning
Neural Networks

Deep Learning




P forecast ( z score)

P anomalies mmj/day

=-9.0 =45 0.0 4.5 9.0 135 18.0 225

ep Learning (Multi-layern

al network)

output

hidden layer hidden layer
1 2

K

TensorFlow

Google

._Root Mean Square Propagation (RIV




MSE Value

Loss / Mean Squared Error for Week4
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Twenty-two leave one year out Cross-Validations for 2000-2021
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How about
Validation Across Individual Members?
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Using Multiple Days
Initial Conditions Help?



Dataset: 1999-2022 CFSv2
NN1 - Using one days ICs-FCSTs
NN2 - Using 3 day ICs-FCSTs
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CFSv2 Forecast Week 1-6 F & T2m Weekly Mean RMSE (mm/day & °C, 1999-2022)
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Dataset: 1999-2022 CFSv2

NN1 - Using one days ICs-FCSTs
NN2 - Using 3 day ICs-FCSTs
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High
Performance
Computing

Summary

Machine
Learning

DL advantages

Flexible nonlinear tool & Easy to handle BIG DATA

Unique & beneficial NN architectures

extract more sophisticated info hidden behind multiple dimensional big data
improve subseasonal P & T2m FCSTs

ML as a diagnostic tool — identify potential to improve S2S ensemble FCSTs:

use better model for perturbation runs (e.g. control run model)

Coenore o Semiweekly ECMAWF, Weelkly GEFSw12 |
ML applications & limitations

Weather-climate modeling, data-assimilation, post-processing & diagnosing etc.
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