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Statistics and Earth sciences

“There is, today, always a
risk that specialists in two
subjects, using languages
full of words that are
unintelligible without study,
will grow up not only, without
knowledge of each other’s
work, but also will ignore the
problems which require
mutual assistance”.

CONNECTION BETWEEN EL NIÑO AND STATISTICS 99

ily available. These equations still are popular (e.g.,
used in S-PLUS) for estimating partial autocorrela-
tions and, through a generalization (Whittle, 1963,
page 101), for fitting multiple AR processes.

But how many statisticians (or, for that matter, at-
mospheric scientists) are aware that the “Walker” in
both terms refers to the same individual and, more-
over, that these two appellations arose in conjunction
with the same research? The “Walker” in question is
none other than Sir Gilbert Thomas Walker (Figure 3).
While stationed in India as Director General of Obser-
vatories of that country’s meteorological department,
Walker became preoccupied with attempts to forecast
the monsoon rains, whose failure could result in wide-
spread famine (Davis, 2001). It was in the course of
this search for monsoon precursors that he identified
and named the “Southern Oscillation” (Walker, 1924).

At that time, the approach most prevalent in the
statistical analysis of weather variables was to search
for deterministic cycles through reliance on harmonic
analysis. Such cycles included those putatively as-

FIG. 3. Photograph of Sir Gilbert T. Walker (source: Royal
Society; Taylor, 1962).

sociated with sunspots, the hope being to provide a
method for long-range weather or climate forecast-
ing. Walker was quite skeptical of these attempts, es-
pecially given the lack of statistical rigor in identify-
ing any such periodicities. Eventually, he suggested the
alternative model of quasiperiodic behavior (Walker,
1925). Meanwhile, the prominent British statistician
George Udny Yule devised a second-order autoregres-
sive [AR(2)] process to demonstrate that the sunspot
time series was better modeled as a quasiperiodic phe-
nomenon than by deterministic cycles (Yule, 1927). To
determine whether the SO exhibits quasiperiodic be-
havior, Walker was compelled to extend Yule’s work
to a general pth-order autoregressive [AR(p)] process
(Walker, 1931).

The focus of the present paper is on the connec-
tion between the meteorological and statistical aspects
of Walker’s research. First some background about
Walker’s research on what he called “world weather”
is provided. Then the development of the Yule–Walker
equations is treated, including a reanalysis of the in-
dex of the SO originally modeled by Walker. Reaction
to his research, contemporaneously and in subsequent
years and both in meteorology and in statistics, is char-
acterized. For historical perspective, the present state
of stochastic and dynamic modeling of the SO is briefly
reviewed, examining the extent to which his work has
stood the test of time. Finally, the question of why his
work was so successful is considered in the discus-
sion section. For a more formal, scholarly treatment of
Walker’s work, in particular, or of the ENSO phenom-
enon, in general, see Diaz and Markgraf (1992, 2000)
and Philander (1990) (in addition to the references on
ENSO already cited in this section).

2. WALKER’S RESEARCH ON WORLD WEATHER

2.1 Training and Career

In grammar school, Sir Gilbert Thomas Walker, who
lived from 1868 to 1958, “showed an early interest in
arithmetic and mechanics” (Taylor, 1962, page 167).
After being educated under a mathematical scholar-
ship at Trinity College, University of Cambridge, he
remained there, assuming an academic career as Fel-
low of Trinity and Lecturer. Walker was a “mathemati-
cian to his finger-tips” (Simpson, 1959, page 67) and
was elected Fellow of the Royal Society in 1904 on the
strength of his research in pure and applied mathemat-
ics, including “original work in dynamics and electro-
magnetism before ever he turned his thoughts to me-
teorology” (Normand, 1958). Among his first papers
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Extreme Value

Analysis

Conferences

Previous EVA conferences have been held in Leuven, Belgium (2001),

Aveiro, Portugal (2004), twice in Gothenburg, Sweden (1998 and

2005), and most recently in Bern, Switzerland. As with the previous

meetings, the 2009 meeting will schedule presentations on all aspects

of risk and extreme value theory and their applications. The emphasis

will be on probabilistic modeling, statistical analyses, and applications

in

     - Climate and Atmospheric Science

     - Geosciences

     - Hydrology

     - Finance, Economics and Insurance

     - Biosciences

     - Physics

     - Telecommunications and Stochastic Networks

It is the aim of the conference to bring together a wide range of

researchers, practitioners, and graduate students whose work is

related to the analysis of extreme values in a wide sense. Topics of

interest include:

     - Classical extreme value theory

     - Functional extremes

     - Measures of dependence for extremes

     - Simulation of rare evens 

     - Statistics of extremal events

     - Heavy-tailed phenomena

     - Large deviations

     - Empirical processes

     - Spatial/spatio-temporal extremes

     - Methods of risk analysis

     - Stochastic processes for extremes

     - Multivariate extremes

Graybill

Conferences

The inaugural Graybill Conference entitled "Linear, Nonlinear, and

Generalized Linear Models" was held in June 2001 in honor of

Professor Emeritus Frank Graybill.  Frank Graybill is internationally

known for his research and books on linear models. He was president

of the American Statistical Association in 1976. The inaugural meeting,

which attracted top statisticians from across the U.S., was an

overwhelming success and inspired us to create an annual conference

series whose themes would change from year to year. We also hold a

one-day hands-on short course/workshop in advance of the Graybill

Conference. 

 

Graybill I (2001): "Linear, Nonlinear, and Generalized Linear Models"  

Graybill II (2003): "Microarrays, Bioinformatics, and Related Topics"

One-day workshop: Analysis of DNA Microarray Data 

Graybill III (2004): "Spatial Statistics Agricultural, Ecological, and

Environmental Applications" One-day workshop: Applied Spatial

Statistics 

Graybill IV (2005): "Statistics in Information Technology" One-day

workshop: Information Theory and Statistics " 

Graybill V (2006): "Multiscale Methods and Statistics: A Productive

Marriage" One-day workshop: A Crash Course in Wavelet Methods " 

Graybill VI (2007): "Applied Probability and Time Series Symposium in

Honor of Peter Brockwell" Two-day workshop: Bioinformatics " 

Graybill VII (2008): "Biopharmaceutical Statistics" One-day short

course: Hot Topics in Clinical Trials

 

Graybill Conference VIII

June 22-26, 2009

Colorado State University
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A quote from Emil Gumbel

”It seems that the rivers know
the theory. It only remains to
convince the engineers of
the validity of this analysis.”

Emil Gumbel (1891-1966) was born
and trained as a statistician in
Germany, forced to move to France
and then the U.S. because of his
pacifist and socialist views. He was a
pioneer in the application of extreme
value theory, particularly to climate
and hydrology.
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Daily maxima of CH4 at Gif-sur-Yvette
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Crystal River weekly max flow
Motivating Example 1: Time Series Data

Crystal River Weekly Max Flow

Q: Can we use the previous weekly maximum flows to predict
the next weekly maximum flow?

Q: What is a measure of risk (e.g., an estimated conditional
0.95 quantile) given that observed values are high ?

2
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Ozone maxima in 1999Motivating Example 2: Spatial Data

Max Ozone Readings 1999

Q: Can we use the observed annual maxima to predict (in-
terpolate) the annual max at an unobserved location?

Q: What is probability that it exceeds some standard?

3
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Modeling dependencies among maxima

Max-stable processes : Adapting asymptotic results for multivariate
extremes
e.g. Davis and Resnick (1989), Smith and Weissman (1996), Ferreira
and de Haan (2006), Bacro et al. (2007), Naveau et al. (2008)

Bayesian or latent models : temporal structure indirectly modeled via
the GEV parameters distribution
e.g., Coles & Tawn (1996), Cooley et al. (2007), Mendes, Turkman,
Corte Real (2006)
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Daily maxima of CH4 at Gif-sur-Yvette
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Maxima of CH4 at Gif-sur-Yvette

Histogram of weekly maxima of CH4
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Daily maxima of CH4 at Gif-sur-Yvette
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Motivation Gumbel autoregressive models Max-stable processes and spectral measures

A key linear relationship (Tawn, 1990)

Gumbel(µ1 + µ2, σ/α) = µ2 + σ log S + Gumbel(µ1, σ)

where Gumbel(µ1, σ) is a Gumbel r.v. and independent of S that is a positive
α−stable (α ∈ (0, 1]) with Laplace transform

E(exp(−uS)) = exp(−uα), for all u > 0
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Fougères et al. (2008)’s result

If

Y t = Ft log

 X
a∈A

ct,aSa

!
+ εt , with t = 1, . . . ,T ,

where {ct,a ≥ 0}, {Sa, a ∈ A} are independent positive α-stable variables, εt

follows a iid Gumbel(µt ,Ft ), and all variables are mutually independent, then

P(Y 1 ≤ x1, . . . ,Y T ≤ xT ) =
Y
a∈A

exp

 
−

 X
t∈T

ct,ae−
xt−µt

Ft

!α!
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Our Gumbel autoregressive model

Gumbel(µ1 + µ2, σ/α) = µ2 + σ log S + Gumbel(µ1, σ)

Toulemonde et al., 2008

Xt = αXt−1 + αβ log St

where St idd positive α−stable noise with α ∈ (0, 1)

Then Xt is Gumbel(0, β)
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Xt = αXt−1 + αβ log St with St idd positive α−stable
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Figure 1: Xt with t = 1, . . . , 200 for different values of α. We set µ = 0 and β = 2.
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Figure 2: Scatter plots of successive values, i.e. (Xt, Xt+1) for t = 1, . . . , 200 and for different values of α. We

set µ = 0 and β = 2.
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Xt = αXt−1 + αβ log St with St idd positive α−stable
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Figure 1: Xt with t = 1, . . . , 200 for different values of α. We set µ = 0 and β = 2.
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Figure 2: Scatter plots of successive values, i.e. (Xt, Xt+1) for t = 1, . . . , 200 and for different values of α. We

set µ = 0 and β = 2.
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Motivation Gumbel autoregressive models Max-stable processes and spectral measures

Xt = αXt−1 + αβ log St + µ(1− α) with St idd positive α−stable

The characteristic function of Xh = (Xt , . . . ,Xt−h)t is

E(ei<u,Xh>) = eiµ(
Ph

j=0 uj )Γ

0@1− iβ
hX

j=0

ujα
h−j

1A h−1Y
j=0

Γ(1− iβ
Pj

k=0 ukα
j−k )

Γ(1− iβ
Pj

k=0 ukαj−k+1)
.
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Xt = αXt−1 + αβ log St with St idd positive α−stable
α = 0.2 α = 0.5 α = 0.8
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Figure 3: Mean (dashed line), first and third quartiles (dotdashed lines) of the estimators of µ, β and α (based

on 1000 samples) for different sample sizes in the abscissa n ∈ {50, 100, . . . , 1000}. We set µ = 0, β = 2.
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Figure 4: Histograms and boxplots based on 1000 samples corresponding to the estimators of the three param-

eters, µ̂, β̂ and α̂. We set µ = 0, β = 2, α = 0.5 and n=5000.
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Motivation Gumbel autoregressive models Max-stable processes and spectral measures

Dependencies in Xt = αXt−1 + αβ log St

1

χ = lim
x→∞

P(Xt−1 > x ,Xt > x)

P(Xt−1 > x)

is equal to zero which corresponds to the asymptotic independence.

2

χ = lim
x→∞

2 log P(Xt−1 > x)

log P(Xt−1 > x ,Xt > x)
− 1

increases with dependence strength and is equal to α/(2− α) ∈ (0, 1).
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Asymptotic behavior of the method-of-moments estimators

The rescaled method-of-moments estimators of µ, β and α converges to a
zero-mean Gaussian vector with covariance0BB@

π2β2

6
1+α
1−α −

12δβ2ζ(3)(1+α+α2)

π2(1−α2)
+ 11δ2β2(1+α2)

10(1−α2)

6β2ζ(3)(1+α+α2)

π2(1−α2)
− 11δβ2(1+α2)

10(1−α2)
−αβδ

6β2ζ(3)(1+α+α2)

π2(1−α2)
− 11δβ2(1+α2)

10(1−α2)

11β2(1+α2)

10(1−α2)
αβ

−αβδ αβ 1− α2

1CCA .
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One-step prediction with simulated data α = 0.5

Fitted by a AR(1) gumbel Fitted by a classical AR(1)

!! unknown ! Model 1
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One-step prediction with CH4 maxima
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A summary of our Gumbel AR

+ A very simple additive model with a basic temporal dependence

+ Classical estimations and mathematical properties

+ May be useful for modeling CH4 maxima

-/+ Has to be extended from Gumbel to GEV

- A very specific type of temporal dependence
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Ozone and flow maxima

Motivating Example 2: Spatial Data

Max Ozone Readings 1999

Q: Can we use the observed annual maxima to predict (in-
terpolate) the annual max at an unobserved location?

Q: What is probability that it exceeds some standard?

3

Motivating Example 1: Time Series Data

Crystal River Weekly Max Flow

Q: Can we use the previous weekly maximum flows to predict
the next weekly maximum flow?

Q: What is a measure of risk (e.g., an estimated conditional
0.95 quantile) given that observed values are high ?

2

Our strategy
1 Assume observations arise from a max-stable process

2 Find and fit parametric model for the spectral denisity

3 Approximate the conditional density of the unmonitored location given
the “nearby” observations.



Motivation Gumbel autoregressive models Max-stable processes and spectral measures

Multivariate Max-Stable Distributions

If Z = (Z (x1), . . . ,Z (xp))T has a multivariate max-stable distribution with unit
Fréchet margins (P(Z (x i) ≤ z) = exp(−z−1)) then :

G(z) = P(Z ≤ z) = exp[−V (z)], where

V (z) =

Z
Sp

max
i

„
wi

zi

«
dH(w),

H is a positive measure on Sp, s.t.Z
Sp

widH(w) = 1,

and Sp = {w ∈ Rp
+|w1 + . . .+ wp = 1}.
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Multivariate Max-Stable Distributions

Multivariate Max-Stable Distributions

Basic idea: Given a nice common marginal, MMSD’s can be
described in terms of a point process whose intensity measure
is a product measure of “radial” and “angular” components.

5

V (z) : “exponent measure function” with z ∈ Rp; w ∈ Sp – relates to point
process intensity, G(z) = exp[−V (z)]
H(w) : “spectral measure” – lives on unit simplex, meets center of mass

condition, V (z) =
∫

Sp
maxi

(
wi
zi

)
dH(w)

h(w) : “spectral density” – exists if H(w) is differentiable, not Fourier !
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Multivariate Max-Stable Distributions
Multivariate Max-Stable Distributions

Basic idea: Given a nice common marginal, MMSD’s can be
described in terms of a point process whose intensity measure
is a product measure of “radial” and “angular” components.

5

no parametric form for entire family

a few useful parametric sub-families suggested
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Models for Multivariate MSD’s

Exponent measure function
V (z)

Spectral density
h(w)

Logistic
Asymmetric Logistic
(Tawn, 88)
Negative Logistic
(Joe, 90)

Dirichlet
(Coles & Tawn, 91)

Dirichlet mixture
(Boldi & Davison, 2006)

Pairwise Beta

+ Can obtain G(z)

− Overparametrized ?
− Less flexible ?

+ More flexibility ?

− Cannot directly get G(z)
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Pairwise Beta Model

hp(w ;α,β) = Kp(α)
X
i 6=j

hi,j (wi ,wj ;α, βi,j ), where

hi,j (wi ,wj ;α, βi,j ) = (wi + wj )
(p−1)(α−1)(1− (wi + wj ))α−1 ×

Γ(2βi,j )

(Γ(βi,j ))2

„
wi

wi + wj

«βi,j−1„ wj

wi + wj

«βi,j−1

Advantages :

no adjustment necessary to get center of mass condition

parameters have some interpretation : α controls overall dependence,
βi,j ’s control pairwise dependence

largely specified by pairwise parameters
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Pairwise Beta Models

α = 1, β = (2,4,15) α = 4, β = (2,4,15)

α = 1, β = (2, .5, .5) α = 1, β = (2,2, .5)

11
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River flow Example

Motivating Example 1: Time Series Data

Crystal River Weekly Max Flow

Q: Can we use the previous weekly maximum flows to predict
the next weekly maximum flow?

Q: What is a measure of risk (e.g., an estimated conditional
0.95 quantile) given that observed values are high ?

2

1. Data are deseasonalized.
2. ACF/PACF plots→ base prediction on previous two observations.
3. GEV is fit to marginal distribution, then transformed.
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Fitting the spectral density model

Time series broken into non-overlapping triples. Dependence measured by
the extremal coefficient (Schlather & Tawn 03).

φ1,2 = V (1, 1,∞, . . . ,∞); φi,j ∈ [1, 2]

Ext. coefficients estimated at lags 1 and 2, (φ̂−1, φ̂−2) = (1.36,1.49), and
pairwise beta model parameters found to match the extremal coefficient
estimates. (α̂; β̂) = (1,16,0.7,16).

Fitting the spectral density model

Time series broken into non-overlapping triples. Dependence
measured by the extremal coefficient (Schlather & Tawn 03).

φ1,2 = V (1,1,∞, . . . ,∞); φi,j ∈ [1,2]

Ext. coefficients estimated at lags 1 and 2, (φ̂−1, φ̂−2) = (1.36,1.49),
and pairwise beta model parameters found to match the ex-
tremal coefficient estimates. (α̂; β̂) = (1,16,0.7,16).

16
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Prediction : Approximating the conditional density ?Approximating the conditional density?

Given the radius is large, by knowing the values of the spectral
density at Z∗

‖Z∗‖1
and the value of the “radius” ‖Z∗‖1, we can

approximate the values of the joint density and in turn the
conditional density.

13

If V (z) is known and differentiable, then joint density can be obtained exactly.
However, we are modeling h(w).
Assume Z1,Z2 are observed and Z0 is unobserved. Any predictor Z ∗0 will yield
a point Z∗ = (Z ∗0 ,Z1,Z2) which can be mapped back to Sp as Z ∗

‖Z ∗‖1
.
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Approximating the conditional density ?

If V (z) = µ{(0, z]c} is small (i.e. the radius is large), then

G(z) = exp(−V (z)) ≈ 1− V (z).

Using Coles and Tawn (91) result to estimate the density at z :

g(z) ≈ ∂

∂z1, . . . , ∂zp
[1− V (z)] =

1
||z||−(p+1)

h
„

z
||z||

«
So conditional density can be approximated by

gZp|Z1,...Zp−1 (zp|z1, . . . , zp−1) ≈
1

||z ||−(p+1) h
“

z
||z ||

”
R∞

0
1

||z∗||−(p+1) h
“

z∗
||z∗||

”
dζ

where z∗ = (z1, . . . , zp−1, ζ).



Motivation Gumbel autoregressive models Max-stable processes and spectral measures

Approximating the conditional density ?

Three realizations from a trivariate symmetric logistic distribution.
True conditional density (solid line) and approximated conditional density (dotted line)

Figure 3: Three realizations from a trivariate symmetric logistic distribution. The solid curve is
the actual conditional density of the third component given the first two, and the dotted curve
is the approximated conditional density from (14). The left figure shows the realization z =
[0.56, 0.63, 0.41]; (‖z‖ = 1.60), the center shows z = [2.35, 1.14, 2.49]; (‖z‖ = 5.98), and the right
shows z = [13.17, 50.04, 7.67]; (‖z‖ = 70.88). One can clearly see that the approximation improves
with ‖z‖.

Figure 4: Histogram of which decile of the approximated conditional density the hidden observation
occured. Histogram shows the results of the largest (as measured by the sum of the observed
components z1 + z2) 3500 of 10000 simulated trivariate logistic random variables. All realizations
in the histogram had z1 + z2 > 5.

19

||z|| = 1.6 ||z|| = 6 ||z|| = 71
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Time Series Example

Motivating Example 1: Time Series Data

Crystal River Weekly Max Flow

Q: Can we use the previous weekly maximum flows to predict
the next weekly maximum flow?

Q: What is a measure of risk (e.g., an estimated conditional
0.95 quantile) given that observed values are high ?

2

1. Data are deseasonalized.
2. Prediction based on previous two observations.
3. GEV is fit to marginal distribution, then transformed.
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Time series prediction

75 largest triples selected for prediction. Conditional density of 3rd
component given 1st and 2nd components is approximated.

Time series prediction

75 largest triples selected for prediction. Conditional density
of 3rd component given 1st and 2nd components is approxi-
mated.

17
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Spatial interpolation

MS fields w/ Fréchet marginals simulated (Schlather 02).

Known bivariate dependence structure : φ = (1.34,1.28,1.22).

Pairwise beta model fit as before : (α; β) = (4.3; 0.87,4.4,74).

Conditional density approximated for largest 300 of 1000 simulated
fields.

Spatial interpolation

• MS fields w/ Fréchet marginals simulated (Schlather 02).

• Known bivariate dependence structure: φ = (1.34,1.28,1.22).

• Pairwise beta model fit as before: (α;β) = (4.3; 0.87,4.4,74).

• Conditional density approximated for largest 300 of 1000
simulated fields.

19
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Spatial interpolation examples

Spatial interpolation examples

20
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Ground level ozoneMotivating Example 2: Spatial Data

Max Ozone Readings 1999

Q: Can we use the observed annual maxima to predict (in-
terpolate) the annual max at an unobserved location?

Q: What is probability that it exceeds some standard?

3

Only five years of data.

Marginal distributions from Gilleland, et al (2006).

Dependence estimated as function of distance using madogram
(Naveau et al 06).

Weak dependence estimated φ = (1.95, 1.84, 1.67).
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Ground level ozone

Ground level ozone

Unable to restrict attention to the “large” years. An adjust-
ment is made to earlier approximations.

g(z) ≈ exp(−1/z3)
1

||z||(p+1)
h

(
z

||z||

)

24

Marginal density (dotted lines) and conditional density (solid lines)
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Summary of our spectral approach

Method for approximating the conditional density of an unobserved
component of a max-stable vector given the other components.

Method designed specifically for dealing with extremes ; alternative to
standard time series and spatial prediction methods which are better
suited for central tendancies.

A spectral density approach brings flexibility in modeling.

Applied to both time series and spatial contexts.
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The final thought on predictions in climate studies

“There is, today, always a
risk that specialists in two
subjects, using languages
full of words that are
unintelligible without study,
will grow up not only, without
knowledge of each other’s
work, but also will ignore the
problems which require
mutual assistance”.—Sir
Gilbert T. Walker (Walker,
1927b, page 321)

CONNECTION BETWEEN EL NIÑO AND STATISTICS 99

ily available. These equations still are popular (e.g.,
used in S-PLUS) for estimating partial autocorrela-
tions and, through a generalization (Whittle, 1963,
page 101), for fitting multiple AR processes.

But how many statisticians (or, for that matter, at-
mospheric scientists) are aware that the “Walker” in
both terms refers to the same individual and, more-
over, that these two appellations arose in conjunction
with the same research? The “Walker” in question is
none other than Sir Gilbert Thomas Walker (Figure 3).
While stationed in India as Director General of Obser-
vatories of that country’s meteorological department,
Walker became preoccupied with attempts to forecast
the monsoon rains, whose failure could result in wide-
spread famine (Davis, 2001). It was in the course of
this search for monsoon precursors that he identified
and named the “Southern Oscillation” (Walker, 1924).

At that time, the approach most prevalent in the
statistical analysis of weather variables was to search
for deterministic cycles through reliance on harmonic
analysis. Such cycles included those putatively as-

FIG. 3. Photograph of Sir Gilbert T. Walker (source: Royal
Society; Taylor, 1962).

sociated with sunspots, the hope being to provide a
method for long-range weather or climate forecast-
ing. Walker was quite skeptical of these attempts, es-
pecially given the lack of statistical rigor in identify-
ing any such periodicities. Eventually, he suggested the
alternative model of quasiperiodic behavior (Walker,
1925). Meanwhile, the prominent British statistician
George Udny Yule devised a second-order autoregres-
sive [AR(2)] process to demonstrate that the sunspot
time series was better modeled as a quasiperiodic phe-
nomenon than by deterministic cycles (Yule, 1927). To
determine whether the SO exhibits quasiperiodic be-
havior, Walker was compelled to extend Yule’s work
to a general pth-order autoregressive [AR(p)] process
(Walker, 1931).

The focus of the present paper is on the connec-
tion between the meteorological and statistical aspects
of Walker’s research. First some background about
Walker’s research on what he called “world weather”
is provided. Then the development of the Yule–Walker
equations is treated, including a reanalysis of the in-
dex of the SO originally modeled by Walker. Reaction
to his research, contemporaneously and in subsequent
years and both in meteorology and in statistics, is char-
acterized. For historical perspective, the present state
of stochastic and dynamic modeling of the SO is briefly
reviewed, examining the extent to which his work has
stood the test of time. Finally, the question of why his
work was so successful is considered in the discus-
sion section. For a more formal, scholarly treatment of
Walker’s work, in particular, or of the ENSO phenom-
enon, in general, see Diaz and Markgraf (1992, 2000)
and Philander (1990) (in addition to the references on
ENSO already cited in this section).

2. WALKER’S RESEARCH ON WORLD WEATHER

2.1 Training and Career

In grammar school, Sir Gilbert Thomas Walker, who
lived from 1868 to 1958, “showed an early interest in
arithmetic and mechanics” (Taylor, 1962, page 167).
After being educated under a mathematical scholar-
ship at Trinity College, University of Cambridge, he
remained there, assuming an academic career as Fel-
low of Trinity and Lecturer. Walker was a “mathemati-
cian to his finger-tips” (Simpson, 1959, page 67) and
was elected Fellow of the Royal Society in 1904 on the
strength of his research in pure and applied mathemat-
ics, including “original work in dynamics and electro-
magnetism before ever he turned his thoughts to me-
teorology” (Normand, 1958). Among his first papers
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GEV autoregressive model

Toulemonde et al., 2007

Xt =

„
Xt−1 − µ+

β

ξ

«α
× Sαξt ×

„
β

ξ

«1−α

+ µ− β

ξ

where St idd positive α−stable noise with α ∈ (0, 1)

Then Xt is GEV(µ, β, ξ)
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Spatial interpolation results

How well does the method assess exceeding some standard ?

Spatial interpolation results

How well does the method assess exceeding some standard?
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Repeated Simulation Results
Repeated Simulation Results
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