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Model specification

Latent Gaussian field W(s, t)
» For Z ~ N(y,1) denote distribution of Z|Z > 0 by &

» Fs : is marginal distribution of intensities in wet days
(Fs,:(0) = 0)

Y(s, t) = sttl o ®f(W(s,t))

where 1 is mean of W - is amount of precipitation at
location x and time t.
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» mean and covariance functions of Gaussian field

Problem : Observe transformed version of censored W(s, t)

Goal : Estimate mean and covariance function of W from
observations of W Vv 0.
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Marginal distributions
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Mean function

Interpolation in time and space

Interpolation in time by Fourier series

Interpolation in space by linear regression on location +
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Covariance function

Implicit computations

(Z1, Z2) bivariate Gaussian with variance 1 and covariance p.
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E(Z1 v 0)(2Z v 0) = /0 " g 1 p)o(x) dx

g(x; p, p) = xp(x—p1)- [(p(x — pp) + 1) - ® ('IM'O(X_'UZ))GMWMH

+
V1-p?
1+ px(x—
1~ o2 <upl(pzuz)> ‘

Correlation pj;j(7), estimated by minimizing

min,

g = [ el o) o



Covariance function

«O>» «Fr «Z» «E>»

ae



Covariance function

C(h,7)

«O>» «Fr «=>»

« =)

ae



Covariance function e O

latent Gaussian
fields

Anastassia
Baxevani

C(h,7)
> spatial lag h

Marginal distributions

> temporal lag 7 Gaussian field

Temporal dependence
structure
Spatial de
structure

ndence

Spatio-temporal
dependence structure

Cross validation



Cova rla n Ce fU n Ctlon precil\;li(::tei!innising

latent Gaussian
fields

Anastassia
Baxevani

C(h,7)
> spatial lag h
> tempora| |ag T Gaussian field

W Gaussian = (W(s7 t), W(s+h,t+ T)) ~ N(u, C(h, 7))



Cova rla n Ce fU n Ctlon precil\;li(:;jﬁginnising

latent Gaussian
fields

Anastassia
Baxevani

C(h,7)
> spatial lag h
> tempora| |ag T Gaussian field

W Gaussian = (W(s7 t), W(s+h,t+ T)) ~ N(u, C(h, 7))

E[(W(si,t) VO)(W(sj, t +7) V0)]



Cova rla n Ce fU n Ctlon precil\;li(:;jﬁginnising

latent Gaussian
fields

Anastassia
Baxevani

C(h,7)
> spatial lag h
> tempora| |ag T Gaussian field

W Gaussian = (W(s7 t), W(s+h,t+ T)) ~ N(u, C(h, 7))

E[(W(si, t) vV O)(W(sj, t +7) vV O)] = F(C(hj, ), pis;, ps;)



Cova rla n Ce fU n Ctlon precil\;li(::tz!innising

latent Gaussian
fields

Anastassia
Baxevani

C(h,7)
> spatial lag h
> tempora| |ag T Gaussian field

W Gaussian = (W(s7 t), W(s+h,t+ T)) ~ N(u, C(h, 7))

E[(W(si, t) vV O)(W(sj, t +7) vV O)] = F(C(hj, ), pis;, ps;)

where h,'j =8/ —§j



Cova rla n Ce fU n Ctlon precil\;li(::tz!innising

latent Gaussian
fields

Anastassia
Baxevani

C(h,7)
> spatial lag h
> tempora| |ag T Gaussian field

W Gaussian = (W(s7 t), W(s+h,t+ T)) ~ N(u, C(h, 7))

E[(W(si, t) vV O)(W(sj, t +7) vV O)] = F(C(hj, ), pis;, ps;)

where h,'j =8/ —§j



Covariance model

(O B = <=»

Q>



Covariance model

Non-separable spatio-temporal covariance function

Modelling
precipitation using
latent Gaussian
fields

Anastassia
Baxevani

Gaussian field



Covariance model

Non-separable spatio-temporal covariance function

C(h,7) =

alr|+1

e

b|h||?

T alr[+1

Modelling
precipitation using
latent Gaussian
fields

Anastassia
Baxevani

Gaussian field



Covariance model

Non-separable spatio-temporal covariance function

C(h L J\Hwi
ey

> nugget effect

Modelling
precipitation using
latent Gaussian
fields

Anastassia
Baxevani

Gaussian field



Covariance model

Non-separable spatio-temporal covariance function

_ b|In||?
e alt[+1

Clhyr)= ———
(h.7) alt|+1

> nugget effect

> anisotropic distance h

Modelling
precipitation using
latent Gaussian
fields

Anastassia
Baxevani

Gaussian field



Covariance model
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