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Abstract. The main aim of the work is to build statistical environmental risk maps for natural disasters
in Chile, using spatio-temporal models in order to improve the assessment, prevention and mitigation
of impacts. To this end, we analyze the spatial and temporal variability of the observed points, we
study the dependence from the exogenous variables, and we create risk maps. Finally, we display the
results in web platforms for mobile devices. Several environmental phenomena are considered such as
earthquakes, wildfires, and air pollution. In all cases the methodology is based on the assumption that
data can be modeled as a spatio-temporal process, although specific models are proposed for each
category.
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1 Introduction

A natural risk can be defined as the probability that a natural phenomenon result in a natural disaster,
called extraordinary event. Events that can potentially result in natural disasters can be classified as earth-
quakes, tsunamis, forest fires, avalanches, volcanic eruptions, etc.. The probability of their occurrence
may not be homogeneous in space and time. Then, spatial variations can be displayed on a map, giving
rise to a environmental hazard map. Predictive maps show the probability of occurrence taking account
the time of occurrence of natural events. To construct this type of maps, it is required to model risk, which
can be done by considering the event occurrence as a random point process. Such kind of processes can
be defined as a random collection of points falling in a specific space. In most applications, each point
represents the time and/or location of an event, such as a the epicenter of an earthquake or the centroid
locations of forest fires. A spatio-temporal point process is defined as a random collection of points,
where each point represents the time and location of an event ([10]). Typically, the spatial locations are
recorded in three spatial coordinates, such as longitude, latitude and height or depth, though sometimes
only one or two spatial coordinates are available or of interest. Catalogs of spatio-temporal data may
also include explanatory variables, which could may be given by a spatial function Z(x,y) defined at all
spatial locations (x,y) (for example, as mentioned, altitude, temperature, wind speed and wind direction
in the study of wildfires) or by another spatial pattern or line segment pattern (for example, the geological
faults for evaluating the earthquake risk). Any analytical spatio-temporal point process is characterized
uniquely by its associated conditional rate process or conditional intensity, which is usually indicated by
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(t,x,y) ([7], [4]). The conditional intensity (t,x,y) may be thought as the frequency with which events
are expected to occur around a particular location (t,x,y) in spatio-temporal, conditional on the prior
history, Ht , of the point process up to time t. Formally, the conditional rate (t,x,y) may be defined as
a limiting conditional expectation, provided the limit exists. The behavior of a spatio-temporal point
process N is typically modeled by specifying a functional form for (t,x,y), which may be estimated non-
parametrically or via a parametric model (see [5], [9], and [22]). In general, (t,x,y) depends not only
on (t,x,y), but also on the times and locations of preceding events. Processes that display substantial
spatial heterogeneity, such as earthquake epicenters, are sometimes modeled by stationary processes in
time but not space. A commonly used form for such models is a spatial-temporal generalization of the
Hawkes model, known as ETAS models proposed by [14]. The conditional intensity of ETAS models
can be written as:

λθ(t,s|Ht) = µ f (s)+ ∑
t j<t

g(t− t j|m j)`(x− x j,y− y j|m j) (1)

where the sum is over all points (ti,xi,yi) with ti < t. The functions µ and g represent the deterministic
background rate and clustering density (with magnitude m > mc), respectively. Often µ is modeled as
merely a function of the spatial coordinates (x,y), and may be estimated nonparametrically as in [14]. A
variety of forms has been proposed for clustering the density g ([13]; [14]; [23]). Also, different estima-
tion algorithms have been proposed for reducing the computational time ([15]; [20]; [1]). Sometimes,
the conditional intensity λ is modeled as a product of marginal conditional intensities

λ(t,x,y) = λ1(t)λ2(x,y),

where forms embody the notion that the temporal behavior of the process is independent of the spatial
behavior and, in the latter case, that furthermore the behavior along each of the spatial coordinates can
be seen as independent. A wide range of models describe processes in which aggregation or repulsion
between events is presented, known as "shot noise" [12]. In these models, the intensity function has the
form

λ(x,y) = λ1(x,y)λ2(t)S(x,y, t)

, where λ1(x,y) is the intensity in the space, which can be modeled as a function of environmental and
climatic variables; λ2(t) is the temporal intensity which depends on temporal variables, and S(x,y, t) is
the shot noise term, which allows us to model variability.

Some environmental disasters are caused by human activities that alter normal environment. At-
mospheric pollution is an example. In this case, the risk is that the concentration of a contaminant is
greater than a threshold, considered dangerous to human health. Mapping the concentration of a pollu-
tant, it is possible to identify areas most at risk than others and estimate the human exposure. The data
of air pollution are usually collected by a spatial monitoring network at regular intervals (say, every hour
or day or week). Thus, the data analysis has to take account temporal correlations as well as spatial
correlations. Geostatistical approaches to spatio-temporal prediction in environmental science rely on
appropriate correlation/covariance models ([3]). Let Z be a spatial-temporal process (i.e. concentrations
of PM2.5) observed at the spatial locations s1, . . . ,sn ∈ D, where si = (xi,yi), for i = 1, . . . ,n, and times
t1, . . . , tm ∈ T , a simple spatio-temporal model can be defined as

Z(s, t) = µ(s, t)+ ε(s, t) (2)

where µ(s, t) = X(s, t)β is a deterministic trend component depending on the exogenous variables X(s, t)
(that is, temperature, relative humidity, wind speed, wind direction, land use, elevation, etc.) and ε(s, t)
is a zero-mean intrinsically stationary spatio-temporal stochastic process which covariance structure is
normally specified by an isotropic parametric function (that is, exponential, Gaussian, Matérn). Many
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extensions of the model 2 have been proposed in the literature ([6], [18], [2]). The following model has
been recently proposed by [16] for modelling the trend of air pollutant concentrations

µ(s, t) =
L

∑
l=1

βlXl(s, t)+
K

∑
k=1

γk(s)ψk(t). (3)

where Xl(s, t) are spatio-temporal covariates; βl are the coefficients for the spatio-temporal covariates;
the {ψk(t)}K

k=1 is a set of (smooth) temporal basis functions with ψ1(t) = 1 estimated by the modified
singular value decomposition (see,[8] and [21]), and the γk(s) are spatially varying coefficients for the
temporal functions.

2 Visualizing on web and mobil devices

The outputs of the spatio temporal models described in Section 1, can be used for visualizing the envi-
ronmental hazard through web platforms for mobil devices. As an example, we show the results of the
ETAS model described by Eq. 1 for visualizing the seismic risk in Chile. The map of Fig. 1 (a) rep-
resents the estimated seismicity of Chile using the earthquake catalogue from the January 2000 to May
2014. The results of the ETAS model have been classified into nine categories of colors representing the
different seismic hazard rate. The GPS system of the mobile device allows to show if the user is in a
high level risk position. A similar result can be obtained for assessing the daily level of air pollution as
represented in Fig. 1 (b).

(a) (b)

Figure 1: (a) Estimating seismic hazard using earthquake events in the period 2000-2007 on Google
Earth platform for mobile device. The blu circle indicate the position of the user. (b) Visualization of
the estimated average PM2.5 concentrations for the month June, 2011 on Google Map platform.
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