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Introduction

* Increasing climate remote sensing, including re-analysis data cause a massive
amount of data.

 Numerical weather prediction (NWP)
* Imperfect observations cause errors to grow over time.

* Needs climatology knowledge.
* Consumes a lot of computational resources.

* In machine learning (ML), there are applications on climate domain such as tropical
cyclone forecasting, long-term rainfall prediction.
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Automated Meteorological Data Acquisition

System (AMEDAS, 7 A 4 X) Deep learning approach for detecting

[https://en.wikipedia.org/wiki/Automated M tropica| Cydones and their precursors
eteorological_Data_Acquisition_System] [Matsuoka et al., 2018]
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Himawari-8 Satellite

[https://public.wmo.int/en/resources/meteoworld/fa
cilitating-use-of-new-himawari-8-satellite-data]




Climate Prediction Model

* Most climate prediction
model learns on the
iInput sequence.
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Climate Periodicity

* A periodic pattern, e.g., seasonality, exists in a global spatiotemporal climate
pattern.

Positive Phase - Summer Negative Phase - Winter
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more sea
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Cold-air outbreaks
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NAO positive and negative phases [1] NAO Periodicity [1]

§) _ osaa [1] https://www.climate.gov/news-features/understanding-climate/climate-variability-north-atlantic-oscillation .
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Hard vs Soft Periodicity

Hard (stationary) Periodicity : Mean and Variance are constant over cycle.

Stationary Data (Mean is constant with time) Stationary Data (Variance is constant with time)

Soft (non-stationary) Periodicity : Mean or Variance are varying over cycle.

Non-stationary Data (Mean is increasing with time) Non-stationary Data (Variance is varying with time)

Figures: https://medium.com/analytics-vidhya/time-series-analysis-stationarity-check-using-statistical-test-f106e9045370
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Soft Periodicity

Soft periodicity of spatiotemporal climate data is that the periodic
change of mean or variance varies over the cycle.

* A climate shift in seasonal values of meteorological and hydrological parameters for
Northeastern Asia [Savelieva et al., 2000].

* The study of El Nino-Southern Oscillation (ENSO) effects [Kane, 2009] of some South
African rainfall shows that the periodic cycle range of rainfall may vary in many ranges
of years.

* The study of upstream sub-basins of Yangtze river [Ahmed et al., 2020] also shows a
statistically significant two to four-year periodicities for mean areal precipitation.




Climate Prediction using Multivariate Features by ConvLSTM

* The utilization of multivariate features by
Convolutional LSTM (ConvLSTM) [Shi et al., I
2015] for climate prediction. )r a

e Short- and Iong-term prediction. Temperature at 300 hPa (T300) | NEI=le]ofolt=laliEINz (i a1 100N =N VA RI0[0)
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* Investigating the importance of prediction iy 10,0 s X ,’,,,’,/
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Jet Stream at 300 hPa T b -
changas in the ocaan; surface
circulation, saa level, changss in/ on the land suface
Dicgeochemistly orography, land usa, vegetation, ecosystems
Jet stream [1] Global climate system [2]

[1] https://www.weather.gov/source/zhu/ZHU Training Page/Miscellaneous/lowleveljet/lowleveljet.html
[2] https://physicsworld.com/a/a-model-approach-to-climate-change/ .
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Soft Periodic Convolutional Recurrent Network (SP-CRN)

Periodic-CRN
e Stationary periodicity -> Hard periodicity

* We proposed SP-CRN

1. Soft periodicity with three types of PRD
[Phermphoonphiphat, 2021]

* nearby-time (PRD-1)
* periodic-depth (PRD-2)
* periodic-depth-differencing (PRD-3)

2. Dynamic spatial weight (DSW) on attention
module

X(t+N)
(9) X
FC Net >@
T 4
| COﬂV + relu
Temporal metadata A
h(t+N)
/
() 1
Fusion Module a
*
I h(t+N)
[l
hN) (e)
. Attention
Module
()  f S S T
ConvLSTM (d)
o i ©
3 3 3 (t+N) 7,(t+N) 1,(t+N)
hgt0 Rkl (b)
x(t—r+1) x(t—l) x(t) 5 Periodic[:) iiﬁgngsntation




/H300]| Error Distribution of SSW approach (February 2017

No periodicity component
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Disruptive Process Innovation
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Real-time Energy Overview FL1-3

Occupied

23569 kWh

-
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Fr

043625

Real-time Energy Overview (Room 1-5)

Confectionary Working:
Western Pratical 1 Working:
Western Pratical 2 Working:

Pastry FL3 Working:

Food School Current Status

39115 \ 2,682.73 A 584.76 KW

Kitchen Studio Current Status

Energy Portion
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Real-time Energy Overview (Room 6-10)

6,828.18 KWh




Truck Capacity Available
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Location
13.7646770,100.5507510

PSESEIET Bag E202-2¢-

@ Available Capacity
40%

() Updated Time
22 Dec 2023, 13:46

Location
13.7643550,100.5511780

EEZLB:ST ™ E202-12-21

@ Available Capacity
80%

(Y Updated Time
21 Dec 2023, 15:47
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