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ABSTRACT

Geographic information systems have proceeded to the stage
that vast amount of spatiotemporal data has been captured
in the form of data files, images, and data streams by various
kinds of data collection tools, including cameras, sensors and
mobile devices. It poses great challenges to data analysts to
mine such data in order to extract spatiotemporal knowl-
edge for traffic control, weather forecasting, wildfire control,
disease spread watching, homeland security, and many other
important applications.

In this position paper, we will discuss general methodolo-
gies for mining spatiotemporal data and pose some interest-
ing research issues, with the emphasis on multidimensional
analysis of spatiotemporal data, finding dynamics in data
streams, mining for classification, clustering, outlier analy-
sis, frequent pattern or correlation analysis, and the discov-
ery of sequential patterns for moving objects and changing
environments.

1. INTRODUCTION

Owing to the great progress of computer and sensor tech-
nologies, huge amount of geographic and spatiotemporal
data has been collected by various kinds of data gathering
tools, including video cameras, satellites, sensors, mobile de-
vices, and so on, and the speed for doubling the volume of
data has been increasing rapidly. Such kinds of data are
often in the form of data files, geo-referenced digital im-
agery, and data streams. Because of the huge volume of
data and its fast transition speed, it poses great challenges
to data analysts for mining such data to extract spatiotem-
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poral knowledge in many important applications, including
traffic control, weather forecasting, wildfire control, disease
spread watching, homeland security, etc. Thus research into
efficient and real-time spatiotemporal data mining is one of
the most important themes in research into geographic in-
formation systems and spatial databases [14, 22, 8, 16, 15].

Here we present our view on the methodologies of spa-
tiotemporal data mining and a few important research prob-
lems, which may promote more in-depth discussions in this
workshop as well as in other forums.

2. MAJORSPATIOTEMPORAL DATA MIN-
ING TASKS

Spatiotemporal data mining is to find patterns, outliers
or interesting knowledge related to both space and time,
i.e., changes related to geo-spatial locations. Typical ex-
amples including mining for regularities and irregularities
of moving objects and devices (including cell phones, in-
vehicle navigation systems and wireless Internet clients and
so on), changing thematic maps due to construction, forest
fire, etc., changing temperature and other measures within
certain geographic locations, the congestion of highway net-
works due to traffic jams, etc. Based on our observation,
spatiotemporal data mining may cover a wide spectrum of
data mining activities, include the following major tasks.

1. Multidimensional analysis of spatiotemporal data. Since
spatiotemporal data often carries multidimensional in-
formation such as time, location, properties of moving
objects or thematic maps, and so on, it is crucial to
summarize the data in multi-dimensional space and
perform multidimensional analysis [5]. Such analysis
could be performed in the context of both spatial data
warehousing and spatial data mining. Since power-
ful analysis may often involve high-dimensional space,
classical data cube model may encounter difficulties
in both time and space to compute and store such
high-dimensional aggregations, new technology needs
to be developed for high-dimensional fast analysis of
spatiotemporal data.

2. Mining dynamics in spatiotemporal data streams. With
remote sensing and other tools for dynamic collection
of spatiotemporal data, a lot of data is in the form of
data streams, which are in huge volume, or potentially
infinite, ordered based on their incoming timestamps,



flowing in and out in fast speed, changing dynamically,
and may only be able to be scanned once. This calls for
the development of fast and online stream data mining
methods. Although there have been a lot of studies
recently on stream data processing and mining, such
as [3, 6, 7, 9, 4, 1], there are not many studies on
mining the dynamics in spatiotemporal data streams.
We believe this is an essential new task in knowledge
discovery from spatiotemporal data.

. Spatiotemporal data classification. The spatiotemporal
data classification process takes classified spatiotem-
poral data as the training set, construct model using
various kinds of classification methods, which can then
be used to predict new examples [11]. For example, one
may use the volumes of data related to forest fire to
build up models to predict at what kinds of conditions
and in which areas are likely to caught forest fire, and
sufficient precaution and preparation should be taken
to avoid serious damages caused by such fires.

. Trend prediction for spatiotemporal data. Similarly, one
can build up predication models based on trend anal-
ysis using spatiotemporal data [8]. For example, one
may predict the spread of a disease to different regions
based on the geographic locations, highway networks,
temperature, wind velocity, time, and many other fac-
tors using regression and other predictive modeling
methods.

. Spatiotemporal data clustering. It is a popular data
mining practice to cluster spatial data [21, 2]. How-
ever, it is often more important to cluster data with
time taken as an important factor. For example, clus-
tering automobiles or other moving objects, not only
based on their location but also based on their mov-
ing directions and speed may help disclose important
common behavior of moving objects.

. Spatiotemporal outlier analysis. Outlier analysis has
been an essential theme in data mining [12]. This is to
disclose some strange moving objects or those chang-
ing rather differently in space, direction, speed, and
time. For fighting against terrorism, it could be useful
to find and examine those outlier objects which move
rather differently from others.

. Frequent pattern or correlation analysis for spatiotempo-
ral data. There are many applications that may like
to find correlated spatiotemporal objects, i.e., find a
group of objects that change directions, speed, and
geographic locations in a similar way. One may dis-
cover the inherent linkages among those objects and
disclose some common useful properties.

. Discovery of sequential patterns for moving objects and
changing environments. Among many objects, one may
find some regularity of location changes with time,
such as if A moves eastward, likely B will be mov-
ing eastward within 30 minutes. Such patterns can
be considered as sequential patterns related to both
time and space. Discovery of sequential patterns [17]
for moving objects or changing environments may help
prediction of the trends and discovery of outliers, and
so on. Thus sequential pattern mining for spatiotem-
poral data is another important mining task.

3.

GENERAL METHODOLOGIES FOR SPA-
TIOTEMPORAL DATA MINING

There have been a lot of data mining and data analysis
methods developed for mining relational, text and multime-
dia data. However, spatiotemporal data has many unique
features, and some new and distinct methods may need to
be developed for effective mining.

The mining needs to consider the following factors,

1.

Efficiency and scalability, because of handling huge
volumes of spatiotemporal data,

. fast response time in many cases since many discovery

need to take timely response, such as earth quake, for-
est fire, tornado, terrorist attack, and other emergency
cases,

. enforcing of spatial and time constraints, since the ex-

planations without considering such constraints may
not make sense, and

. geographic and time approximity of the answers, since

a lot of answers, even approximate in time and loca-
tion, could be quite useful if obtained within a confined
time frame.

Based on the above considerations, we propose some gen-
eral methodologies of data analysis which could be useful
for effective and efficient spatiotemporal data mining

1.

Progressive deepening in spatiotemporal data mining. Ow-
ing to massive data, sophisticated spatiotemporal anal-
ysis programs, and the requirement of fast response
time, one needs to consider mining should proceed in
a progressive way, first mining at a rough scale to es-
timate potential patterns, find interesting hot-spots,
and facilitate the detailed examination of interesting
portions of data. Such a mining methodology can be
considered as “multi-resolution” model but such model
may not be simply based on the data, but be based on
knowledge mined or data/model interaction. Our pre-
vious studies at mining spatial association rules [13],
spatial classification [11], spatial clustering [1], adopt
this methodology and achieve high efficiency and high
mining quality.

. Tilted time window modeling in spatiotemporal stream

data mining. Since it is difficult to store the vast amount
of the data at different time frames for stream data
analysis but it is important to take the historical as-
pects of data into consideration in stream data mining,
it is important to use various kinds of tilted time win-
dow models in stream data analysis. The general phi-
losophy of tilted time window is to register the general
history of data across the full spectrum of time span
but with different resolution scales. In most cases, one
may put more emphasis in most recent events (thus at
the finest resolution) and less emphasis on more remote
data (thus at coarser resolution). The remote events
will be compressed in the statistical summary form
to give room for more detailed analysis of the recent
data. However, comparative analysis can still be per-
formed effectively with user adjusted weights on his-
torical data. Our recent studies on stream data anal-
ysis, such as [6, 10, 1] have adopted such a modeling
method with satisfactory results.



3. Micro-clustering could be a scalable and effective pre-

4.

processing technique in spatiotemporal stream data min-
ing. Micro-clustering [21, 2] which groups closely re-
lated data points as one micro-cluster and thus effec-
tively reduces the number of points to be analyzed
in many other data mining tasks can be considered
as a powerful preprocessing technique. Our study in
constraint-based clustering [19, 18], stream clustering
[1] and scalable support vector machine algorithm [20]
have demonstrated the effectiveness of this method.

CONCLUSIONS

Spatiotemporal data mining is a promising research fron-
tier in both geographical information system and data min-

ing. It poses many challenging research problems and promis-

ing applications. In this position paper, we have outlined
a few important tasks for spatiotemporal data mining and
discussed some interesting mining methodology. As a data
mining researcher, I would like to work together with the ex-
perts on geographic information systems, spatial databases,
and visual data analysis to make good contributions to this
exciting research frontier.
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