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ABSTRACT

Spatio-temporal data sets are often very large and difficult to analyze and display. Since they are fundamental for
decision support in many application contexts, recently a lot of interest has arisen toward data-mining techniques
to filter out relevant subsets of very large data repositories as well as visualization tools to effectively display the
results. Spatiotemporal data mining studies the process of discovering interesting and previously unknown, but
potentially useful patterns from large spatiotemporal databases. In this paper we propose a data mining system to
deal with very large spatio -temporal data sets. Within this system ,new techniques have been developed to
efficiently support the data-mining process ,address the spatial and temporal dimensions of the data set, and
visualize ,interpret results .In particular two complementary 3D visualization environments have been
implemented .One exploits “Google Earth” to display the mining outcomes combined with map and other
geographical layers, while the other is a Java 3D-based tool for providing advanced interactions with the data set
in a non-geo-referenced space, such as displaying association rules and variable distributions.

Keywords: Data mining, Spatio-temporal data, Exploratory visualization, 3D visualization, spatiotemporal
patterns.

I INTRODUCTION

During the last decade, our ability to collect and store data has far outpaced our ability to process, analyze and exploit it.
Many organizations have begun to routinely capture huge volumes of historical data describing their operations,
products and customers. At the same time scientists and engineers in many fields have been capturing increasingly
complex experimental data sets, such as terabytes of data received daily from space-borne instruments, high spatial,
temporal and spectral-resolution remote sensing systems, and other environmental monitoring device .Some researchers
estimate that about 80% of the data stored in corporate databases integrate spatial information , leading to huge amounts
of geo-referenced information that need to be analyzed and processed. These data sets are often critical for decision
support, but their value depends on the ability to extract useful information for studying and understanding the
phenomena governing the data source. Therefore, the need for efficient and effective techniques for mining and
analyzing spatio-temporal data sets has recently emerged as a research priority.

Data mining techniques have been proven to be of significant value for spatio-temporal applications. It is a user-centric,
interactive process where data mining experts and domain experts work closely together to gain insight on a given
problem. In particular spatio-temporal data mining is an emerging research area, encompassing a set of exploratory,

Computational and interactive approaches for analyzing very large spatial and spatio-temporal data sets. Several open
issues have been identified ranging from the definition of mining techniques capable of dealing with spatial-temporal
information to the development of effective methods for interpreting and presenting the final results.

Visualization techniques are widely recognized to be powerful in this domain, since they take advantage of human
abilities to perceive visual patterns and to interpret them. To address these issues we have developed a system for
exploratory spatio-temporal data mining. The aim of this system is on one hand to enable data- mining tools to provide
some form of localization in the data being analyzed, and, on the other hand to interactively visualize in 3D the outcome
of the mining process, thus leading to greater effectiveness and significance of the results. To achieve these goals the
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system includes a data mining engine that can integrate different data mining algorithms and two complementary 3D
visualization tools.

Societal importance: Spatiotemporal data mining techniques are crucial to organizations which make decisions based on
large spatial and spatiotemporal datasets, including NASA, the National Geospatial-Intelligence Agency [6], the
National Cancer Institute [7], the US Department of Transportation [8], and the National Institute of Justice [9]. These
organizations are spread across many application domains. In ecology and environmental management [10— 13],
researchers need tools to classify remote sensing images to map forest coverage. In public safety [14], crime analysts are
interested in discovering hotspot patterns from crime event maps so as to effectively allocate police resources. In
transportation [15], researchers analyze historical taxi GPS trajectories to recommend fast routes from places to places.
Epidemiologists [16] use spatiotemporal data mining techniques to detect disease outbreak. There are also other
application domains such as earth science [17], climatology [18], precision agriculture [19], and Internet of Things [20]

ILSYSTEM ARCHITECTURE

This section describes the architecture of the system. we first discuss the main concepts of the data-mining process, and
then introduce the main components of the system ,namely the mining engine and the visualization tools.

The spatio-temporal data-mining process
The data mining process usually consists of three phases or steps
1) Pre-processing or data preparation. 2) Modeling and validation 3) Post processing or deployment

During the first phase the data may need some cleaning and transformation according to some constraints imposed by
some tools, algorithms, or users .The second phase consists of choosing or building a model that better reflects the
application behavior.

The third step of using this model evaluated and validated in the second phase, to effectively study the application
behavior. The mining process for spatial data is more complex than for relational data in terms of both the mining
efficiently and the complexity of possible patterns that can be extracted from spatial data sets. Therefore, new techniques
are required to efficiently and effectively mine spatial data sets. Especially in spatial data mining the third phase is so
important that some researchers incorporated most of its processes into phase two such as automatic and interactive
visualization of data, and called it interactive data mining (IDM).

Exploratory spatio-temporal data-mining system
The proposed system for mining large spatio-temporal data sets describes the behavior of some natural phenomena,

which have been monitored and recorded at several time instants. Our system relies on a standard three-tier architecture,
including a data store at the back end, an application server, and two visualization components at the front end.
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Fig. 1. System architecture.
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Since several different application domains can be considered the application server must include domain-specific
wrappers that transform raw data into the input format required by the mining engine. These wrappers implement the
data set type models described.

Spatio-temporal mining framework

Basic Mining

- Engine
Dataset
e Spatio-temporal Mining Engine
Results
Raw Data

Fig. 2: Architecture of the spatio-temporal data-mining engine.
IHLTHE DATA-MINING PROCESS

In this section we describe our data- mining approach that deals with spatio-temporal data sets. We start with a review
of the current state-of the art in this field, and then we present our solution.

Related work on spatial data mining

Numerous research projects on spatial data mining have been conducted in the last two decades. Some attentions have
been dedicated to the application of existing as well as the development of new mechanisms to extract relevant
information from large data repositories. However, due to the huge volume and diverse nature of this kind of data,
traditional techniques such as statistical methods have high computational burdens and seem often inadequate to elicit
complex spatial and temporal relationships among data. Association rules have also been used successfully on special
data sets. The main idea is to design spatial association rules that not only can find local correlations between patterns
,but also global ones .Spatial association. rules constitute an improvement to generalization-based spatial data-mining
methods, as they cannot discover rules reflecting spatial pattern structures.

Most efforts have been spent in trying to adapt, modify or improve conventional techniques, relying on a solid
knowledge discovery in database (KDD) experience to design new suitable mining models. Some good attempts have
been made in proposing a better-more meaningful-data format to highlight spatio -temporal relationships prior to
elaboration; this can be achieved either by preprocessing the database or by imposing a level of meta-data to properly
access information within the whole data set.

The proposed approach
In this paper we propose a new approach for spatio-temporal data mining, whose conceptual schema is depicted in
Fig.3. The approach consists of two main components; localizer and miner. The localizer deals with the data attributes

and especially with spatial and temporal dimensions. The miner process the data based on the spatio-temporal
relationships provided by the localizer.
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Fig.3: A schematic view of the proposed approach for spatial data mining. In the following we will focus on the
techniques used in each phase.

Spatio-temporal data set model
It was already mentioned above that spatial data sets more complex than conventional data.

This complexity is not only in processing and interpreting the data but is also present at the data- mining process inputs.
Spatial data is usually characterized by two different types of attributes: spatial and non-spatial attributes. The former
identifies the spatial locations of spatial items. These include 3D space coordinates, item shape, temporal, geometry,
etc.

The latter is usually the same as in conventional data sets such as item name , item key ,type ,rate ,size ,etc. .The main
difference between these two types of attributes is that the relationships between spatial patterns/items are often implicit
,while they are usually explicit in non-spatial objects. Some methods of how to optimize the categories have been
developed and, mainly based on heuristic methods and clustering analysis.
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Fig.4.Example of categorization for the two variables W and QGRAUP. Dark color=many points are in that
range of values; light color=few points.

The model used here consists of mapping the spatial data sets onto a virtual partitioned space. This can be seen as a
layer in which original data are aggregated into virtual points representing the minimal spatial unit that can be occupied
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by a spatio-temporal entity. Each virtual point is defined by a set of attributes including coordinates, size, neighborhood,
etc. For instance, traditional geographical databases have two or three dimensions, while in spatio-temporal data sets the
number of dimensions can range from two to N.

Spatial association rules

In the proposed system we focus our attention in developing a technique based on association rules to discover
relationships between spatial patterns. A spatial association rule is of the form “A B(s %,c%)”Where the pattern A is
called antecedent and B consequent, and the percentages s and c are called the support and the confidence of the rule.
The problem of discovering association rules consists of identifying all rules, within the data set, satisfying minimum
support s and confidence c. This usually requires a solution to the following two sub-problems :1) find
frequent(large)spatial patterns;2)extract strong spatial association rules. In the first problem the rules should satisfy a
minimum support (support>s) and in the second a spatial association is said to be strong if it satisfies a minimum
confidence (confidence>c).

IV. VISUAL TECHNIQUES FOR ADVANCED SPATIAL ANALYSIS

Visual data mining refers to methods, approaches and tools for the exploration of large data sets by allowing users to
directly interact with visual representations of data and dynamically modify parameters to see how they affect the
visualized data.

The Google Earth-Based Tool

The first tool has been meant for domain experts, i.e. users that study the specific phenomenon but are not (necessarily)
experts in data mining.

Google Earth (shortly GE) is a virtual globe, currently freely available for personal use on PC running on Windows and
Mac OS, while the Linux version is expected shortly. For commercial and professional use, many purchasing options
are available, ranging from basic licenses to enterprise services. The original project was developed by Keyhole, which
was bought by Google in 2004.

Google Earth combines satellite raster imagery, with vector maps and layers, in a single and integrated tool, which
allows users to interactively fly in 3D from outer space to street level views. Most places of the world are available at
(at least) 1 km of resolution, while many large cities are available at high enough resolution to see individual buildings,
houses, and even cars. A very wide set of geographical features (streets, borders, rivers airports, etc.), as well as
commercial points of interest (restaurants, bars, lodging, shopping malls, fuel stations, etc.), can be overlaid onto the
map. The application uses data from NASA databases to render 3D terrain models, thus providing also Digital Elevation
Model features.

This application turns out to be very flexible, being able to deal with a large variety of spatio-temporal phenomena,
ranging from worldwide (e.g. weather, pollution, epidemic diffusions, etc.) to local ones (e.g. local health, traffic,
economics, etc.). The tool we developed embeds GE and presents the same ease of use, resulting very suitable for
domain-expert user.

Dimensional panel: This panel allows the user to move in four dimensions, namely the 3D permitted by GE (by
exploiting six DoF), and the time dimension, through a sliding bar. To this aim, the horizontal panel, located at the
bottom of the window, realizes a unique control panel/set of commands to follow the data painted on screen.

Technical Aspects

The development of an environment exploiting Google earth technologies to render mining outcomes posed two main
challenges:

How to arrange the information of the data set and/or the rules in a way that it could be displayed by Google Earth.
How to improve the Google Earth user interface to provide the tools to carry out the exploratory spatio-temporal data

mining and visualization.
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The first issue we exploited the ad hoc language provided by GE, named keyhole markup language (or KML), which is
an XML grammar and file format suited to model one or more spatial features to be displayed in GE. In relation to the
second issue, there are two main ways to programmatically interact with GE. This approach is straightforward, but does
not provide an effective management of the user interactions. The alternative solution is to use the set of API provided
by GE.

CONCLUSION

In this paper we have described the system for exploratory spatio-temporal data mining we have developed. This system
includes a mining engine based on an adapted version of the well-known A-priori algorithms. Since results of a mining
algorithm require interpretation, we have focused on visual techniques. To this aim we have developed two independent
visualization tools for viewing and interacting with the results of the mining process, meant, respectively, for the
domain experts and data mining experts. The Google Earth application allows to relate the phenomenon being studied to
the specific geographic area and associated features. The second visualization tool presents more sophisticated
interactively. Our system has been tested on a large real-world data set and has produced interesting results. However
we plan to perform more extensive testing with domain experts. The system offers much scope for enhancements and
further developments. We also intend to integrate the two visualization tools allowing to switch in a continuous fashion
between them maintaining the same perspective.
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