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Abstract. To predict accumulated daily rainfall in a particular location where no rain gauges are
available is important for agriculture, meteorology, traffic networks, environment and many other ar-
eas. However, statistical modelling of rain is not trivial because a high variability is presented within
and between days. In this work we analyze the performance of alternative spatio-temporal models. The
sampled data consist of daily observations taken in 87 manual rainfall gauges during the 1990-2010
period in Navarre, Spain. The accuracy and precision of the interpolated data is checked with data of
28 automated rainfall non-sampled gauges of the same region but placed in different locations than the
manual rainfall gauges. Interpolations will be mapped on a squared grid of 1km2 grid over the whole
study region and to assess the prediction performance of the models a continuous ranked probability
score (CRPS) has also been calculated.
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1 Spatio-Temporal Models

For introducing the stochastic models to be used in the spatio-temporal interpolation, we assume that
zst =(z(s1, t1),z(s1, t2), . . . ,z(s1, tn), . . . ,z(sn, t1), . . . ,z(sn, tT )) is the spatio-temporal process that has been
observed at n geographical locations, s1, . . . ,sn, (87 in this case), at time t j, from j = 1, . . . ,T , varying
from the 1st of January, 1990 until the 31st December, 2010. We analyze three models: the spatio-
temporal kriging, the thin-plate spline, and the state-space. A brief description of these models is pre-
sented.

The linear trend of kriging is given by a linear combination of the planar coordinates and the or-
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thometric elevation, hs, all of which are time-invariant. To include the time dimension we introduce a
new covariate called ast , computed as the average precipitation of each 5-day period within each month
between 1990 and 2010. The value of ast is the same for all the days in the same period. We therefore
have 72 different average rainfall values, although alternative periods are possible (Militino et al., 2003).
The total daily rainfall on a fixed day t, and at location s is then modelled as

zst = µst + εst = β0,t1+β1,txs +β2,tys +β3,ths +β4,tast + εst , (1)

where µst is the linear trend, 1 is a vector of ones, xs and ys are the spatial coordinates in R2, and
εst ∼ Nn (0,Σ(d)). The spatial covariance structure is accounted for in the model error. Σ(d) can be
estimated between known alternatives as Matérn, exponential or spherical covariance matrices (Militino
and Ugarte, 2001; Apanasovich et al., 2012). We used Model (1) to make predictions for every day of
the year 2010 with the 87 automated rainfall sampled stations. To validate the model we used data from
the 87 manual rainfall gauges and the non sampled set of 28 automated rainfall gauges.

The thin-plate spline model used here is an additive model similar to the spatio-temporal kriging
model (1), where we do not necessarily assume a linear relationship of the total rainfall with the planar
coordinates, but a smoother relationship fitted by splines and expressed by f (xs,ys). The thin-plate spline
model is given by

zst = f (xs,ys)+β1ths +β2tast + εst , (2)

where εst ∼ Nn(0,Σ(d)), and hs and ast are the same covariates defined in spatio-temporal kriging model.
The spline is obtained as a weighted average of the observed data because the optimal estimate of
f (xs,ys) turns out to be linear in the observations. The solution to this minimization problem is identical
to the universal kriging predictor of f (xs,ys) under a certain intrinsic random function model that yields
the second-order thin-plate smoothing spline as the optimal predictor (Stein, 1991).

The state-space model is a spatio-temporal linear model that simultaneously accounts for spatial and
temporal dependence. It is given by a transition equation and a state equation:

zst = β0,t1+β1,txs +β2,tys +β3,ths + vt + εst

vt = vt−1 +ηt , (3)

where zst is the spatio-temporal process of rainfall, the error process εst ∼ Nn(0,Σ(d)) and Σ(d) is a
spatial-covariance matrix similar to the other models (Cameletti et al., Fàzzo and Finazzi, 2011). The
unobservable latent temporal process, vt , shows the temporal dynamics of data through a Markovian
random walk. Finally, ηt ∼ N (0,ση), quantifying the uncertainty of the state estimate given the n obser-
vations. The transition equation incorporates the spatial dependence and the state equation takes into ac-
count the temporal dependence. Therefore, this state-space model can be interpreted as a spatio-temporal
kriging model with a separable spatio-temporal covariance function.
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Figure 1: Map of manual gauge rainfall in blue square dots and automatic gauge rainfall stations in red
circular dots located in Navarre according to the elevation.

2 Conclusions

The performance of these models is done using real data from the sampled manual rainfall stations
and an additional set of automated rainfall gauge stations, located at different sites. We compared the
predicted rainfall calculated with the three models in the 365 days of the year 2010. The continuous
ranked probability score (CRPS) (Gneiting and Raftery, 2007, or Gneiting et al., 2007) is also used.
Both criteria rank the state-space model as the best model when predictions are made from non-sampled
stations.
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