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Model specification

Latent Gaussian field W (s, t)

I For Z ∼ N(µ, 1) denote distribution of Z |Z > 0 by Φ+
µ

I Fs,t is marginal distribution of intensities in wet days
(Fs,t(0) = 0)

Y (s, t) = F−1
s,t ◦ Φ+

µ (W (s, t))

where µ is mean of W - is amount of precipitation at
location x and time t.
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Model identification

I Fs,t
I 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 ∨ 0.
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Marginal distributions

Fs,t(x) = Fγ(x ∧ u) + (1− Fγ(u))Fu(x)
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Mean function

Link between precipitation Y (s, t) and Gaussian W (s, t)

1Y>0 = 1W>0

P(wet day) = E[1Y>0] = Φ(µ)
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Covariance function
Implicit computations

(Z1,Z2) bivariate Gaussian with variance 1 and covariance ρ.

E (Z1 ∨ 0)(Z2 ∨ 0) =

∫ ∞
0

g(x ;µ, ρ)φ(x) dx

g(x ;µ, ρ) = xφ(x−µ1)·

[
(ρ(x − µ2) + µ1) · Φ

(
µ1 + ρ(x − µ2)√

1− ρ2

)
+

√
1− ρ2φ

(
µ1+ρx(x−µ2)√

1−ρ2

)
.

Correlation ρij(τ), estimated by minimizing

minρ

∣∣∣∣z+
i · z

+
j −

∫ ∞
0

g(x ;µij , ρij)φ(x) dx

∣∣∣∣ ,
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Covariance function

C (h, τ)

I spatial lag h

I temporal lag τ

W Gaussian ⇒
(
W (s, t),W (s + h, t + τ)

)
∼ N(µ,C (h, τ))

E[(W (si , t) ∨ 0)(W (sj, t + τ) ∨ 0)] = f (C (hij , τ), µsi , µsj )

where hij = si − sj
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