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Abstract

This study aimed to systematically and globally evaluate the monthly precipitation forecasts of Japan Meteoroch
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What is statistical seasonal forecasting (St-SF)?

El Nino and Rainfall

El Nifio conditions in the tropical Pacific are known to shift rainfall patterns in many different parts of the world. The regions and seasons shown on the map below
P f y g

indicate typical but not guaranteed impacts of La Nifia. For further information, consult the probabilistic information* that the map is based on. By u Si ng St ro ng CoO rrel ati on betwee n regi Nna I CI i mates
and large scale phenomenalike ENSO, NAO, etc.
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Advantages and disadvantages

T avantage | Disadvantage
Dynamical Understanding High cost
Statistical Low cast Little for Understanding

Which is better : Dynamical vs Statistical?
in terms of forecasting performance??



Method and materials

Item

Description

Variable

Area

Spatial resolution
Period

Time resolution

Lead month of
prediction

Evaluation of
forecast skill

Observation

Dynamical model

Statistical model

Precipitation

Global

2.5° % 2.5° (144 column; 73 rows)
2001-2020

Monthly

0—5 months

Deterministic: Mean squared skill score
(MSSS), MSSS-rp, and MSSS-hi

Probabilistic: area under receiver op-
eration characteristic curve (AUC),
AUC-av, AUC-1r0.5, and AUC-h1

Global Precipitation Climatology Pro-
ject (GPCP) v2.3 (regrided)

JIMA/MRI-CPS2 (bias-corrected)

Seventeen climate indices

Example of S-month lead forecast

JIMA/MRI-CPS2
Start date of simulations
31 Forecast month
| JAN || FEB | MAR | APR | MAY | JUN | JUL | AUG | SEP
5 members >
mean >
St-SCF using climate indices
Forecast month

Climate indices in Jan
(Explanatory variable)



Statistical model

17 climate indices

Category Name Long name URL
PNA Pacific North American Index ftp://ftp.cpc:ncep.noaa.gov/wd52dg/data/mdlces/
pna_index.tim
WP Western Pacific Index ftp:/{ftp.cpg.ncep.noaa. gov/wd52dg/data/indices/
wp_index.tim
Teleconnections EA/WR Eastern Atlantic/Western Russia ftp://ftp P c,npep.noaa.gov/wd52dg/data/1nd1ces/
eawr_index.tim
NAO North Atlantic Oscillation ftp://ftp.cpc:ncep.noaa.gov/wd52dg/data/1ndlces/
nao_index.tim
. https://www.pfeg.noaa.gov/products/PFEL/modeled/
NOI Northern Oscillation Index indices/NOIx/data/noix txt
MEI v2 Multivariate ENSO Index https://psl.noaa.gov/enso/mei/data/meiv2.data
Nino 142 Extreme Eastern Tropical Pacific  http://www.cpc.ncep.noaa.gov/data/indices/
© SST (0-10S, 90W-80W) ersst5.nino.mth.91-20.ascii
Nino 3 Eastern Tropical Pacific SST http://www.cpc.ncep.noaa.gov/data/indices/
ENSO (5N-58, 150W-90W) ersst5.nino.mth.91-20.ascii
Nino 4 Central Tropical Pacific SST http://www.cpc.ncep.noaa.gov/data/indices/
(5N-58) (160E-150W) ersst5.nino.mth.91-20.ascii
Nino 3.4 East Central Tropical Pacific SST  http://www.cpc.ncep.noaa.gov/data/indices/
’ (5N-58) (170-120W) ersst5.nino.mth.91-20.ascii
SST: Pacific TPI (IPO) Tripole Index for the Interdecadal https://psl.noaa.gov/data/timeseries/IPOTPI/
(except ENSO) Pacific Oscillation (unfiltered) tpi.timeseries.ersstvS.data
SST: Atlantic TNA Tropical Northern Atlantic Index  https://www.esrl.noaa.gov/psd/data/correlation/tna.data
(except WHWP)  TSA Tropical Southern Atlantic Index  https://www.esrl.noaa.gov/psd/data/correlation/tsa.data
QBO Quasi-Biennial Oscillation https://www.esrl.noaa.gov/psd/data/correlation/qbo.data
SOI Southern Oscillation Index https://www.esrl.noaa.gov/psd/data/correlation/soi.data
Atmosphere AAO Antarctic Oscillation http://www.cpc.ncep.noaa.gov/prpducts/precip/CWlink{
daily ao_index/aao/monthly.aao.index.b79.current.ascii
AO Antarctic Oscillation http://www.cpc.ncep.noaa.gov/products/precip/CWlink/

daily ao_index/monthly.ao.index.b50.current.ascii

PRE, ,,,,(Y,M)
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Index
A spline curve is fitted

STEP1: 17 statistical model are developed for each grid
STEP2: The model with highest performance is selected for each grid.
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Res u Its Deterministic Probabilistic
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* Dy-SF has higher performance for zero-month forecasting than St-SF
* For one and more month forecasting, both have similar performance
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* For zero-month forecasting, Dy-SF has higher performance globally,
but especially at low latitude.
 For more than one-month forecasting, there is no difference.
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Can St-FS contribute to improvement of Dy-
FS?

JMA/MRI-CPS2; DEC; OML; SW. Australia

By comparing St-FS and Dy-FS, we can
find area where St-FS has higher
performance than Dy-FS

&

In such areas, there might be robust
dynamics between climate indices and
precipitation, but Dy-FS does not
represent the dynamics well.

By analyzing such area, Dy-FS could be
improved.

Is this an easy way to find robust dynamics
which Dy-FS can improve??
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Because there might be robust dynamics!!




Summary on Dynamical VS statistical SF

* For zero-month forecasting
v'Dy-SF has higher performance for zero-month forecasting than St-SF

v'globally, but especially at low latitude.

* For one and more month forecasting
v'both have similar performance

* By comparing St-SF and Dy-SF, it is possible to find robust dynamics
which Dy-SF does not represent well and can improve.
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Food insecurity: Undernourished People

18 900

Since 2014, the number of
hunger people turned to
increase

: o o : 1. Conflict
£ g ——— e 2. Climate extremes and variability
: 3. Economicshocks
z 4. COVID-19 (since 2020)
@ Prevalence of undernourishment (percentage, left axis) === Number of undernourished (millions, right axis)
FAO (2022)

Climate change has become so significant that it can affect the global food security index




Crop MoniCast: Global Crop Monitoring and Yield Forecasting System

= (i)Monitoring Subsystem ====== Sy oo mmm——— (ii)Yield ForecastingSubsystem (====
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D Crop Monitoring = Utilizing == . = nj| = N (2)Yield forecasting : Usingthe
satellite and meteorological —— R e :' == | | currentgrowth estimation as an
data up to the present, the S P hJL |: s initial value, crop yield
current crop growth status is i T R 1 ¥ . prediction is conducted with
A\._estimated. }‘\_ seasonal forecasts. L
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Front page of Global Crop Monitoring and Yield Forecasting
['Crop MoniCast

MoniCast
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Step 1: Select the starting year and month
of forecast

Step 2: Select forecast year »e o s s
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Cropyield forecasting

Crop MoniCast
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Crop vield forecasting
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You can easily see forecasted crop yields
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Performance

The system successfully forecasted the failure in 1993 in Japan



Summary and challenges

* We are developing Crop-MoniCast
* Global crop monitoring and yield forecasting system

* We are preparing for opening the system for public
* by Apr. 2024
* Rice only
* Ver. 1

* 4 major crops (Rice, Wheat, Maze, and Soybean)

* Downscaling with ML/DL
* with Drs. Nakaegawa and Takaya (MRI)
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