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Technology Solution

Sub-selection of global NWP model
ECMWF's Integrated Forecasting System cycle 45r1

Optimising regional NWP model

Dry season and rain season

Utilising observations as much as possible

Envision AloT platform, Thailand side

Application of tailored machine learning algorithm

Dr Lin Miao’s talk in the afternoon

High-Performance Computer (HPC)

HPC has been used since July 2019 for Thailand domain
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Machine Learning Development Timeline

Preparation: observation data, weather pattern analysis, prepare first workshop
Build temperature forecast model pipeline

Build humidity forecast model pipeline

Build rainfall forecast model pipeline and evaluate/tune temperature/humidity model
Build wind forecast model pipeline and evaluate/tune rainfall model

Evaluate/tune wind model

Optimize models for a particular area / region
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Observation Requirement

g e B ™ S

Rainfall Station At least 1 year Hourly / 3 hourly
Radar image At least 6 months, 5 minutes /15
L3/L2/ Image minutes
format
GPM
Temperature Station v At least 1 year Hourly
Humidity

Wind

Small coverage, accurate

Large coverage, whole domain,
less accurate

Self-collected,
less accurate than Radar
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Figure 7 Project Schedule Timeline

The results will be shared in a report every quarterly and at the end of the project, a
final report with recommendations will be compiled and submitted to the screening
committee on the 15™ month.

A final meeting will be held at 18™ month to discuss the final conclusions and future
roadmap recommendations,
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