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The Motivation

= EL NINO SOUTHERN OSCILLATION (ENSO):
“well known source of Interannual climatic variability
with far-reaching flow-on effects”

= ECONOMIC IMPACT: agriculture, commercial fishing, construction &
tourism.

* ENVIRONMENTAL IMPACT: drought and flooding.
= HuMAN IMPACT: loss of life and livelihood.

ENSO forecasting now an important part of policy making.

TRADEOFF?  complex models at the cost of manageability?
Does this really translate into forecast quality?

ALTERNATIVE? a simple, probabilistic (Bayesian) forecast that
exploits persistence in ENSO.



SOI: The Southern Oscillation Index
P _P P, :difference between average Tahiti MSLP
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SOl =10. & Darwin MSLP
GPd P, :long-term average of P,.
GPd : long-term standard deviation of P.
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SOl Probability distribution vs a Binomial distribution
(p =0.5)
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SOl : Digitised

_— _ Blue/White bands
Digitised SOl = +1jf SOl = 0: Up event signal persistence

-1 If SOI <0: Down event in the series

Digitised SOI Signal
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Up Events:
2%, = Number of Up episodes of length 1

%, = Number of Up episodes of length 2

%, = Number of Up episodes of length u
Ut =LE %,
i=1

Down Events:
21 = Number of Down episodes of length 1

2, = Number of Down episodes of length 2
24 = Number of Down episodes of length d

d
D= 2D,
i=1



The BBT model

P(observing a ( j+2)"d Up event|
j+1 consecutive Up events)

P(observing a ( j+1)st Up event |
j consecutive Up events)

P(not observing a ( j+1)*t Up event|
j consecutive Up events)

P(observing a 2" Down event |
1 Down event)
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The BBT model
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So how do we use
a probability model -- 1,1,1,1 - LLLL-11
of +1 and -1 events J
to reconstruct
and forecast the SOI?
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The BBT model

= Use the Up/Down episode histories:

Xk = average SO/ value for month k,

in an Up cluster of length m

m

Y.« = average SO/ value for month k,
in a Down cluster of length n

..1,1,1,1 X,

= Take into account we may enter a
cluster part-way through:

%_:Z%k and @J:Z@k

k>j k>




Forecasting — Part 1/3

= Use the Up/Down episode histories:

X

J+z

Xk = average SO/ value for month k,
in an Up cluster of length m

Y, = average SOI value for month k,
in a Down cluster of length n

. 1,1,1,1 .
= Estimate the positively valued i
SOI: u-j
I S
'+1 - J+ IJ+
e Y

J.

= Estimate the negatively valued SOI:

d-j
S ST
41 = jrk,j+
=D,



Forecasting — Part 2/3

= Construct Forecast Estimators:
2(t+k) = E[SOI(t+k)]
2,, (t+k) = E[SOI(t+k) | 7]
7, (t+k) = E[SOI(t+K) | D]

= Conditionalise on “Up”: )/E

Airk = {o| o= +1}

Fy ., P
PR = _ EZAT(P(G) and v*(c) = o)

Zy, (t+k) :GE Aky-l-(c) §(t+k(c5)




Forecasting — Part 3/3

® Construct Forecast Estimators:

2(t+k) = E[SOI(t+k)]

~LLL111

2, (t+k) = E[SOI(t+k) | 7]
2, (t+k) = E[SOI(t+k) | D]

1,1,1,1,@

= Conditionalise on “Down’:

i Xj L. LLL1-11
A= {o| o= -1}
: : P(o) _
P(A,) = Z P(c) and = —= G =(G4,...,0,)
(A oA (o) (o) P(A) S LLLL1 ! k

k
P(o)= 11 P(o)

1,1,1,1,-1@

2, (t+k) = ZAky-(o) Viri(0) n
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BBT model representation — up scenario

TSF and BBT comparizon in Up,Down and mixed scenarios
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Model representation —down scenario

TSF and BET comparizon in Up,Down and mixed scenarios
T T T T T T 1
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Model representation — mixed scenario (2010)

TSF and BBT comparizon in Up,Down and mixed scenarios
T T L] I I
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Signal

Building on the expectation of each level

Find the ensemble of expectation values for each ‘level’ of the SOI

n

Time (months)

Inspired by the concept of most
probable path of particles
developed in quantum theory —
finding the most probable path
from A to B.

One occurrence

Three occurrences



An alternative strategy

Find the ensemble of expectation values for each ‘level’ of the
SOl
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PE representation and comparisons — up scenario

TSF and BBT comparizon in Up,Down and mixed scenarios
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PE representation and comparisons —down scenario
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PE representation and comparisons — mixed scenario

TSF and BBT comparison in Up,Down and mixed scendrioe
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Mean differences - overview
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SOl Forecast — compared with IRI/CPC SST forecast

Forecast
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Summary

* The BBT models outperforms the TSF, Random model, and better
adapts to the changing trend of the SOI.

= WORTH NOTING: BBT (Up/Down) typically do better forecast in periods of
sustained Up/Down. BBT (unconditional) does better in mixed periods.

= Methods do reasonably good forecasts for several months beyond the
forecast point, although there is generally considered a a breakdown in
predictability power after this elapse of time.

= SHORT-TERM AIM: achieved. Simple schemes particularly useful in
economic SOl-based forecasting (Austria - S. America research fund).

* LONG-TERM AIM: To develop a generalized the statistical method (e.g.Path
Expectation model) and improve the quality of the forecasting tool & for a
more realistic (e.qg. tri-state) ENSO process, as described by the SOI.
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A new strategy

SOl vs. Nino 3.4 SST Anomalies

y =-1.9859x + 2.5444
R*=0.67825
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A Comparison with NCFP/C.PC. Markov mode]
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Time evolution of observed and predicted SST anomalies in the Nino 3.4
region (up to 12 lead months) by the NCEP/CPC Markov model (Xue et al.
2000, J. Climate, 13, 849-871).



A comparison with NCEP/CPC Markov model
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