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Motivation: a study of the
ENSO skewness (asymmetry)

Model: CESMv2

Initial condition L arge
Ensemble data: CESM2 -LE
(Rodgers et al. ESD 2021)

ROM1 underestimates
CESM2 skewness

CESM2 underrepresents true
ENSO skewness

forced change of
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Recharge Osclillation Models  (ROMS)

ROM1

dT’ 2

T (1,77 + Acos(Qt — ®@))T + a1, 7uh + a2, rrT” + /2D (1 + bT)ér, (1a)
dh

a = al,hTT + al,hhh + v 2Dh§ha (1b)

DROM+ (i =1,2) d=1R, D

dz i
dt

= aga:j + falz;, t; &) + a§(1 + b;x;)&:(t), (2)

Ti(nt1) ~ agdwj(n_d) + fa (.’L‘jn; c,i) + v/ 2D5At(1 -+ b@'a:m)&n, (3)




XROM (i=1,...,10) ¢&(t) are red noise (d = 0)
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Fig. 1a of (Zhao et al. Nature 2024)



Zhao et al. (Nature 2024) vs Ham et al. (Nature 2019)
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XDROM+
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Recap: Slight (3) changes XROM -> XDROM+

1. D: delay variables instead of red noise, to correctly represent  coarse -graining
2. +: Add state -dependence for the noise inthe firsteq. ( 1 =1)

3. +: Add seasonal modulation of both the (a) additive noise magnitude and the (b)
(multiplicative) state dependent noise magnitude.

Further coarse -graining: XDROM+ ->DROM+:1= 1 |,I=R0->2

Wait! Can this improve forecast skill if we have a large enough (but not too large)

memory, D?
b



correlation coefficient
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Have no doubt!
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A C3 implies: MLE is better than LSQ
A C2 implies: there is no ENSO noise state dependence
A Note: these two inferences can be made alsoby C1& C2

T1]b~Ar \ hcW



A C3 implies: MLE is better than LSQ
A C2 implies: there is no ENSO noise state dependence
A Note: these two inferences can be made alsoby C1& C2




Really? Wait! How about CGCMs?

Using 6 member:
of the CESM2 -L
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My operational ENSO forecast service
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Data-driven seasonal forecast for the Nifio3.4 index based on the XDROM+ model
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http://bodaimatlab.zapto.org:9988/
http://bodaimatlab.zapto.org:9988/
http://bodaimatlab.zapto.org:9988/
https://senzhao.netlify.app/climate/xro/

What | nve been doing I n B

A Developing a forecast service for the Indian summer monsoon .

A Go regional / local!
A Forecasting monthly means, with a couple of months lead time.

A Backbone is the XDROM-+.

A l.e., itis a cheap skate data -driven forecast system, riding on the backs of expensive data
acquisition missions, reanalysis products (CHIRPS, ORASS).

AWe can have any seasonal |/ Oextended rangeoc fore:q
of the ocean.
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Now: month of the year

| think you have had these figures for a long

2
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Dude, you have to submita report about your trip!
No-one wi | | care how much vyou
have something to show for!

Forecast skill explorer for monthly precipitation (monsoon rain and else)
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http://bodaimatlab.zapto.org:9988/webapps/home/session.html?app=Forecast%2FMonsoon_forecast_04_skill_explorer

Comparison
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Comparison for forecasting JJA rain on 1 May

In a box (rain over ocean included) Over | and only

Just one model
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Al revolutionizes weather prediction to
help farmers in India

Co-developed by UC Berkeley's William Boos, an artificial intelligence-based
weather model delivered a timely prediction of a stalled monsoon this season,
helping farmers decide when to plant their crops.

By Robert Sanders

India's Ministry of Agriculture and Farmer Welfare delivered regular forecasts via cellphone to some 38 million farmers
across northeastern India at the start of the 2025 summer monsoon season. For the first time, these forecasts provided
up to four weeks' advance notice of the start of the continuous rainy season, allowing the farmers to better time the
planting of crops with the onset of the rains.
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_ Scientists Must Join Forces to Solve
And -t ns Forecasting’s Predictability Desert

to b e To strengthen societal resilience to worsening natural hazards, siloed Earth system science communities must collaborate to understand

conditions that favor skillful subseasonal-to-seasonal forecasts.
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Thank You!
Takk!

KOszOonom!



Feel free to find me on Linked m




Authenticity of the X(D)ROM(+)
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Authenticity of the X(D)ROM(+)
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correlation coefficient

Theoretical maximum and climatological skill
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correlation coefficient

Apparent skil |
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True skill

A It cannot be a correlation coefficient

A Rather an ensemble -wise RMSE:

REMSEy, (r) = RMSE[T; 1, ,(t; + 7), Tre(ty +7)lr, t7 = max|T,]
(@) 25 (b) 10 - Periodogram of running window RMSE(7)
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The apparent
skRI |

R & the true skill has hardly any persistence. Also:

Scatter plot: lead time 7= 10 [months]
@ _€c =0.026124, p = 0.71486
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