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Abstract Spatio-temporal events are collected at high levels of detail (LoDs) in
many phenomena. Both spatial and temporal characteristics of data can be ex-
pressed at different LoDs. Depending on the level of detail, different spatio-
temporal patterns can be detected, and in some specific cases spatio-temporal pat-
terns are just detected in some LoDs [1]. It is crucial to model spatio-temporal
phenomena having in mind that different LoDs can be useful. We proposed a
granularity theory devised to model spatio-temporal phenomena at multiple LoDs
[2]-[4]. We aim to enhance the granularity theory in order to reason with different
LoDs for a specific phenomenon. The goal is to moving towards an approach ca-
pable of identifying the appropriate level(s) of detail to look for a spatio-temporal
pattern.
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1. Introduction

Crimes, forest fires, accidents, respiratory infections, human interaction with mo-
bile devices (e.g., tweets), among others, are producing numerous amounts of spa-
tio-temporal events with high levels of detail (LoDs). By spatio-temporal event,
we mean a summary of what has happened in reality: a homicide occurs in some
latitude and longitude at eight o’clock resulting in two victims; a fire incident
starts in a particular latitude and longitude on 4th August 2006 at 17:00 hours
leading to 130 hectares of burnt forest area. By spatio-temporal events, we mean
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data with the following structure: (S, T, Ai, ..., An) where S describes the location
of the event, T specifies the time moment, and Al, ..., AN are attributes detailing
what has happened.

Looking at spatio-temporal events, both spatial and temporal components of
data can be expressed at different LoDs that can range, for instance, from grids
with different cell sizes to cities, countries; from seconds to months or years [3],
[5]. The LoD reflects the size of the units in which phenomena are observed and
often aggregated/summarized [5], likely changing our understanding of them.
Consequently, different spatio-temporal patterns can be identified at different
LoDs and some spatio-temporal patterns can be just detected in some them [1],
[4]. It is crucial to model spatio-temporal phenomena having in mind that different
LoDs can be useful.

A granularity theory devised to model spatio-temporal phenomena at multiple
LoDs was proposed [2]-[4]. This theory provides the necessary formalism to look
at a phenomenon at different LoDs. More particularly, it defines the concept of
predicate, level of detail of predicate and a relationship between levels of detail
called is more detailed than. Based on these concepts, we have a phenomenon rep-
resentation for each LoD.

The granularity theory allow to conduct analyses in multiple phenomena’s
LoDs. However, the recent analytical approaches work on a single user-driven
LoD (e.g., [6]-[10]), leaving the user with the difficult task of determining which
LoD is suitable to analyze the data [17]. To understand what LoD(s) would be ad-
equate to look for a spatio-temporal pattern, users often have to use “trial-and-
error” approaches. The identification of the right LoDs is an open issue [1].

2. Characterizing Phenomena’s Levels of Detail

Our goal is to extend the granularity theory proposed in order to describe each
phenomenon’s LoD based on a wide set of descriptive statistics which must be
comparable between LoDs. Statistics measures have been widely used in many
contexts with different purposes. The analysis of the wide set of statistics
measures might suggest the presence or not of spatio-temporal patterns concerning
a phenomenon’s LoD. Let us provide some examples.

Let’s assume that we are looking for spatial hotspots of crimes concerning nar-
cotics, and their onset and/or disappearance over time. In this scenario, the aver-
age nearest neighbor index [11] (ANN) can give some hints. If ANN’s value is
less than one, the pattern exhibits clustering. Otherwise the trend is toward disper-
sion. This measure can be computed throughout time which might indicate varia-
tions between dispersed and clustered spatial distributions. Alternatively, it may
reveal constant dispersed or clustered distributions.

Let’s assume that we are studying how the number of victims, resulting from
car accidents, is distributed in space and how this characteristic evolves through-
out time. Getis-Ord General G [12] measures how concentrated the high or low
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Fig. 1. A sketch of the approach proposed.

values are for a given study area. Positive scores indicates that the spatial distribu-
tion of high values is spatially clustered and the negative ones indicates the spatial
distribution of low values is spatially clustered. The Getis-Ord General G measure
might suggest unexpected spikes in the number of victims in a particular zone, for
instance.

Space-time interaction arises when nearby cases occur at about the same time.
This type of effect is very common in infectious diseases. The statistics methods
like Knox [13], Mantel [14] and k-nearest neighbor test [15] measures the level of
space-time interaction embedded in a phenomenon. These statistics can point to
the presence of spatio-temporal clustering patterns.

As mentioned, different LoDs of phenomena may provide different percep-
tions. In these cases, the values of statistics will likely differ among different phe-
nomenon’s LoDs. The analysis of variations in the statistics measures of each LoD
can provide the needed information to identify the proper LoDs to look for spatial
or spatio-temporal patterns as sketched in Fig 1.

Spatial Autocorrelation By Distance
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Fig. 2. Global Moran's | peaks reflect distances (i.e, LoDs) where the spatial processes promot-
ing clustering are most pronounced [16].
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For example, Global Moran's | [17] measures the spatial autocorrelation based on
feature locations and an associated attribute. When the spatial distribution of high
values and/or low values in the phenomena is more spatially clustered than would
be expected if underlying spatial processes were random, the Global Moran's |
value will be positive. In many density tools, a distance needs to be specified like
happens with Global Moran's I. The distance you select implies the LoD of analy-
sis.

ArcGIS?* provides the Incremental Spatial Autocorrelation tool which applies
the Global Moran's | for a series of a distances (i.e., different LoDs). Significant
peak values suggest the LoDs where spatial processes promoting clustering are
most pronounced, and therefore, the LoDs more appropriate for investigating
hotspots (see Fig 2).

In short, we propose to extend the granularity theory in order to describe and
reason about each phenomenon’s LoD. Ultimately, our goal is to moving towards
a systematic approach capable of identifying the appropriate level(s) of detail to
look for a spatio-temporal pattern.
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