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Preface

My interest in moving objects dates back in 1999, while doing an elective course
during my MSc at ITC (International Institute for Geo-information Science and
Earth Observation). The course was about time and GIS and moving object was
one of the related topics. My first impression was that the term is funny. I was
not so wrong about that, because later on whoever asked me what my research
is about, had a funny face after hearing the term. Perhaps, people who know
me a bit will say, oh, right, that is why you chose it. I am afraid to disappoint
you. Soon, it became clear that it is very challenging, though interesting field of
research. What is really nice about it is its relation to human beings, the concept
is somehow indispensable part of our daily lives, it seems to be very tangible; we
are all a moving object after all. However, when it comes to define it and solve its
related problems, it is not as easy as it sounds.

At the time, not many people were working on this field. Not many references
were available, while lots of open research issues existed. Reading technical reports
from Chorochonos project was great inspiration for me. They addressed various
issues, showing the diversity of research topics related to the moving object. Be-
sides, they were really good pieces of work. After doing my master thesis on
‘implementation of data structures and operations for moving objects modeling’,
I knew for sure that is the direction I want to follow for my Ph.D.

I was lucky to be surrounded with people who shared the same interests and
enthusiasms and found the topic worthwhile study. Their professional and scientific
view on research revealed to me the importance and enormous potential of this
field of research. Due to the diversity involved, the main direction of the research
changed many times. It was difficult to stayed focus and to decide what to do
first. I was feeling like a kid who is left alone with a room full of colorful and
amazing toys, having no idea what each of them is, while they were all appealing
and inviting to try and enjoy. Since, it was impossible to solve everything in four
years, finally it was decided to focus on particular problems, preferably starting
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from simple cases and build a strong foundation, which can be used as a basis for
further research and deal with more complicated cases later on. Despite all ups
and downs and changes in topics to be addressed, here it is; a small window to
moving objects’ life.

Obviously, different views can be seen from different windows, depending on
where they are located, how they are built and who is looking through. This
small window is no exception. It is designed to show four problematic aspects of
moving objects, namely, uncertainty associated with moving object data, trajec-
tory representation, trajectory compression, and similarity measures for moving
object trajectories. If time was allowing, many more things could have been done.
However, this is also encouraging to know that this is not the end, just a beginning.

Hope what one sees through this piece of work is inspiring enough to encour-
age the one to look for ways to first create and then open the windows to colorful,
interesting and dynamic life of the moving objects.

Nirvana Meratnia
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Chapter 1

Mobility Scenarios

True knowledge exists in knowing that you know nothing;
and that makes you the smartest of all.

Socrates (470 – 399 BC)

Any physical object’s existence brings naturally and automatically with it that at
any point in time, it is located somewhere. In the dynamic world in which we
live, space is a property that varies over time. Space and time have become such
indispensable elements of human beings’ daily life, that we almost never think
about them, and sense them while having difficulty in describing them.

In the world that is evolving rapidly, mobility is an important factor of people’s
life. The Internet, wireless networks, positioning technology as well as personal
devices such as PDAs and cell phones and their related services are being ad-
vanced and improved day by day. Over the past few years, rapid advances in
miniaturization and personalization of electronic devices have taken place, which
consequently have resulted in major price reductions. Performance improvement
of general computing technologies on the other hand have made it possible to in-
troduce services that previously were even impossible to think of. The ultimate
goal of all these advances is to satisfy the consumers’ rising expectations. This can
be achieved if information can be timely provided in the right place. In the coming
years, delivering appropriate timely (personalized) services based on the position
of mobile consumers will become increasingly important. Provision of such infor-
mation will benefit the consumers in various ways, for instance, in better awareness
of their surroundings, in identifying potential problems and bottlenecks, which in
turn helps them to more efficiently and accurately plan to tackle them, in bet-
ter management of available resources and planning for possibly sharing them for
efficiency reasons.

Despite some success in fulfilling consumers’ requirements, there is still a long
way to go and new serious challenges are ahead. One of these challenges is the lack
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of database support at present. This stems from the fact that existing databases,
which are one of the key elements in making more practical and accurate infor-
mation available, are at their best good in handling static situations, while the
concept of mobility brings up a new set of requirements, dealing with dynamic
situations.

The central issue in any mobility scenario is the object whose position contin-
uously changes, i.e., the moving object . Although the concept of moving object
is rather new in the area of spatio-temporal databases, the variety of applications
that may benefit from it is enormous. Urban traffic, especially commuter traffic,
and rush hour analysis; fleet management and car theft protection; monitoring an-
imal migration; analysis of shopping behaviour (in a mall or city centre); patient
tracking in a hospital; location-based services, such as tourist information, local-
ized advertising, emergency services; these are just a few examples to mention.
The potential is simply enormous.

This research points out some of challenges for applications dealing with mov-
ing objects. Some of the current challenges and problems that we face and, conse-
quently that we need to solve are addressed and practical solutions are proposed.

1.1 Database support is wanting

In a world facing information explosion, positioning technology is rapidly making
its way into the consumer market, not only through the already ubiquitous cell
phone but soon also through small, on-board devices in many means of transport
and in types of portable equipment. It is thus to be expected that all these devices
will start to generate an unprecedented data stream of time-stamped positions for
the agents that carry them. This development does not depend on GPS technol-
ogy alone: in-house tracking technology applies various techniques for up-to-date
positional awareness, and adaptable antenna arrays can do accurate positioning
on information obtained from calls by cell phones [27].

Thanks to these advances in positioning technology, which makes data about
moving objects easily available, soon these objects have become one of the focuses
of the spatio-temporal database community. However, in spite of its simple looks,
the moving object concept has become a practical challenge in applications dealing
with mobility, Internet technology, and Geographical Information Systems (GIS).

Databases have not very well accommodated moving object data in the past, as
their design paradigm was always one of ‘snapshot representation’. Their present
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support for spatial time series is at best rudimentary. Consequently, database
support for moving object representation and computing has become an active
research domain, see for instance [6, 160, 54, 117, 8].

Database management systems (DBMSs) have a potential foundation for mov-
ing object applications, however, they are currently not used for this purpose
and at the moment the aforementioned moving object application domains lack
database support. The reason is that moving object databases require a set of
critical functionalities to be integrated, and built on top of existing DBMSs [147].
What is needed in current real-world spatio-temporal applications is a small, ro-
bust, and highly expressive set of predicates, suitable for implementation based on
off-the-shelf DBMS technology. The query processing schemes for the predicates
and the accompanying indexing schemes should be supported by the implemen-
tation [137]. Over the years, various issues were identified as a set of capabilities
that should be provided by a DBMS to effectively and efficiently support mobility
and moving objects. Despite their individual nature, these required capabilities
are somehow related and any improvement or problem in one will affect the rest.
We enumerate a list of important challenges that current DBMSs are facing, con-
cerning moving objects:

1. Data modelling and representation

Data modelling aims at defining the data types, operations, and relations
between them [53] to support application design. In other words, data mod-
elling is the common name for the design effort of structuring a database.
This process involves the identification of the kinds of data that will be stored
in the database, as well as the relationship among these data types [28]. The
requirements of moving object modelling are not fully covered by current
data models. We illustrate this below.

Regarding data modelling, an important question is how to represent a mov-
ing object. The efficiency of indexing and query processing methods is highly
affected by the chosen method to represent the continuous nature of the
moving object. Since computer systems cannot easily represent continuous
phenomena, such phenomena must be approximated using finite structures.
The approximation methods should faithfully represent the object movement
and provide a basis for further analysis, especially because an inappropriate
technique will increase the uncertainty. The data model has direct effects
on storage space, performance, and access time. The data model defined
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for modelling continuously changing locations should be simple, though ex-
pressive, and be easy to implement. The more expressive a model is, the
closer to the real world the application will be, and the more semantics will
be captured. However, the more expressive a data model, the more complex
it may be [131]. Furthermore, since the moving object field of research is
young, there is room for new concepts and techniques. Therefore, the data
model should allow for possible extensions. On the other hand, the possibil-
ity of designing new data models based on already existing ones should be
investigated.

In addition, the moving object concept brings a new dimension to the def-
inition of operations defined in traditional data models. For instance, the
traditional definition of distance between two objects often concerns the
Euclidean distance. However, distance in moving object scenario is a time-
dependent function, rather than a constant value. On the other hand, for
network-constrained moving objects the use of plain Euclidean distance is
not advisable, since the underlying network poses extra conditions on ma-
noeuvrability of objects. This means that either existing operations should
be revised and adapted to accommodate the moving object concept or new
operations should be defined. In addition to the basic spatial and temporal
data types and operations, which are supported by traditional data models,
extra spatio-temporal data types and operations are needed. However, the
question is what these extra data types and operations are, to fully support
moving objects. This is an important issue since more powerful data models
are the ones with more complete and expressive data types and operators
and have the better strategy to reach the closure under the defined opera-
tions set. Furthermore, there is the issue of integrating such data types and
operators with the DBMS. Data types can be integrated with the DBMS in
three different ways, which from tightest to loosest are as follows: integration
of data types into the DBMS kernel, using a database extension, and imple-
menting data types as a layer on top of DBMS. The choice of integration
method is a crucial one.

2. Query processing

Most existing query languages are non-temporal and limited to accessing a
single database state [30]. Traditional query languages such as SQL were not
designed for querying time-varying spatial aspects. Processing moving object
data requires new sets of spatial, temporal, and spatio-temporal operators to
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be used in query processing. These new operators should be applicable for
any kind of object, i.e., those with free movements as well as movement
constrained objects. Movement of an object is either constrained by other
objects or by the medium via which it is travelling. The question is how to
design a query system on top of an existing query system to deal with the
dynamic aspects of moving object data. Furthermore, moving object appli-
cations often have to use different databases to answer queries. This means
that the query processing technique should account for delay, overhead, and
inaccuracy [144].

On the other hand, the mobility of objects leads to the invalidity of query
answers, simply because some or all of the spatial and temporal criteria
that were true at the time of posing the query will be violated very fre-
quently. Therefore, the posed query should be re-processed every now and
then. Therefore, the question of when and how often the query should be
re-evaluated arises.

3. Indexing

Moving object databases often have huge amounts of data. Therefore, exam-
ining the location of each moving object in the database to answer queries
results in high performance overhead. Thus, the location attribute should be
indexed. However, straightforward use of spatial indexing is not feasible due
to the fact that continuous change of the locations implies that the spatial in-
dex has to be continuously updated [149]. Constant updating of the indices is
not feasible if not impossible due to huge computing resources required [65].
Therefore, spatio-temporal indexing techniques are required. Previous work
on indexing spatio-temporal data concerns either past or present and future
data. However, most of these approaches deal with spatial data changing
discretely over time [104]. Therefore, an important question is how to index
the continuously changing moving object data with satisfiable performance
and acceptable cost.

4. Uncertainty handling

The locations of moving objects are inherently imprecise [103]. This inher-
ent uncertainty has various complications for database modelling, querying
and indexing. The more accurate the record of moving objects, the bet-
ter query results. However, this in turn may result in poor query perfor-
mance. Therefore, a moving object data model must properly represent
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moving objects with reasonable degree of precision, which does not harm
query performance [64]. On the other hand, moving object applications may
need query-imprecision support, due to imprecision associated with other
notions, (e.g., traffic jam) used in the query definition [144]. One of the
main research questions in this direction is how to build up new modelling
and spatio-temporal capabilities needed for moving objects to handle the
inherently imprecise data and their related query analysis, considering the
fact that lowering uncertainty is costly.

5. Data mining and prediction

One important database challenge is to find valuable information hiding in
large amounts of data, such as moving object data. Moving objects often
have repeated patterns of movement, which can be used for planning and
management purposes. The objects’ movement can have periodically re-
peated patterns, e.g., animal migration patterns, commuters, shopping pat-
terns, or sudden patterns. Identifying both these patterns is the key for
successful planning in the objects’ environment. On the other hand, this
identification can be used for classification of objects and consequently, pro-
viding appropriate services to objects, which share some profiles. However,
due to the multi-dimensional nature of moving object data and dependency
of its data to other objects as well as the underlying network conditions, if
applicable, current data mining methods used in databases are not suitable
for moving objects [64].

6. Keeping information up-to-date

It is often assumed in existing databases that data does not change unless it is
explicitly modified [149]. However, in mobility scenarios the moving object’s
location continuously changes even if the database is not directly updated.
Due to continuously changing nature of moving object data, keeping such
data up-to-date is a must. Continuous update of the database is impractical
since the location is updated very frequently. On the other hand, the answer
of queries may be outdated if data is not properly updated. Furthermore,
assuming that the moving objects themselves are responsible for transmit-
ting locational data updates via wireless networks, frequent updating would
also impose a serious bandwidth overhead [148]. In addition, strategies are
needed to handle possibility that a moving object becomes disconnected and
cannot send updates, which results in incomplete and inaccurate data set.
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This will bring the attention to an important issue of how to deal with the
trade-off between the updating overhead and incomplete and inaccurate data
set. One also should pay attention to the fact that too few updates leads to
information loss and too frequent updates gives rise to storage and transmis-
sion issues. In short, due to continuously changing nature of moving object
data, keeping such data up-to-date is a must.

7. Efficient storage mechanism

Moving object applications have many objects to monitor, the monitoring
process may be continuous, and the respective data acquisition rates may be
high. Thus, an efficient storage mechanism is required. On the other hand,
since not all the acquired data may be necessarily informative, to avoid
wasting storage space, some compression mechanisms should be utilized.

8. Visualization

Graphical visualization is a strong power in moving object applications.
However, considering the continuous change of the object data, there is a
great concern on how query answer can be visualized. Another question
is what dimension to use for the visualization purpose. Considering a 3D
environment increases the moving object challenges in all aspects. Work-
ing in a 3D environment is not only 3D visualization. Obviously it needs
spatio-temporal analysis of the 3D data types, which are not supported in
the existing DBMSs. On the other hand, mobile consumers want to see their
graphic display updated all the time, with local information.

1.2 Moving object problems from the point of

view of this thesis

The mentioned database challenges reveal that although some efforts have been
done over the past years to tackle moving object related problems, much more
remains to be done in this young field of research. Due to the variety of challenge
introduced by the moving object concept, the potential for further research is big.
Obviously, answering all the above mentioned issues in one single work is not easy,
if not impossible. The distinction between those issues is only for clarification pur-
pose; otherwise there is no clear boundary between each of the problem categories
since they do affect each other. For instance, the data uncertainty will directly
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affect the query processing and indexing, and the data representation method
influences the visualization technique, and vice versa. This study addresses the
following major issues:

• Uncertainty handling techniques for moving object data

Failure of an application to best perform and to provide appropriate results
has various reasons. One of these is uncertainty of the raw data that is
entered into the system. Obviously, errors can occur in different phases of
data acquisition, modelling, processing, or in information use. Researchers
agree that most of the application errors are associated with the raw data,
and is propagated in later stages. Therefore, this error should be reduced
to the best possible extent. The corrected data, which contains less error,
can be entered into and used by the application with a higher degree of
confidence.

• Faithful trajectory representation

Most, if not all, moving object applications work around central where, when,
and what questions, which involve location, time, and object, respectively.
Answering these questions requires a faithful determination of moving object
trajectories. Existing techniques, however, fail to do so. Therefore, repre-
senting an object trajectory as accurately and realistically as possible, based
on erroneous data is a must.

• Trajectory compression techniques

It is expected that in the coming years large quantities of wireless, portable,
on-line objects that are location-enabled will become part of people’s daily
life. Some predict that each of us will soon have tens of such objects [64].
This means that these objects may generate huge volumes of data. Storing
all this data is neither possible, nor wise. This large amount of data re-
sults in various complications for storage, transmission, indexing, and query
processing. One solution to the problem is using compression techniques.
However, existing techniques coming from the data mining field are not suit-
able for moving object trajectories, as they are mainly for one-dimensional,
short time-series and in absence of noise. Three properties that do not hold
for trajectories. On the other hand, compression techniques used in GIS
treat the trajectory as a simple line, forgetting its time component. Current
methods are simply not so promising.
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• Similarity measure for trajectories

In moving object applications, in which tracking of objects is common, iden-
tifying objects that moved in a similar way or followed a similar movement
pattern is desirable [139]. Such discovery results in the grouping of objects
with similar patterns and finding their common spatio-temporal properties.
Subsequently, appropriate services can be provided to them. However, this
similarity search by no means is an easy task due to different sampling rates,
inherent imprecision of object location, different trajectory lengths, shifts
in location and/or time components [140, 20]. Therefore, similarity search
techniques for moving objects trajectories are required.

1.3 Layout of the thesis

The remaining chapters of this thesis are organized as follows:
Chapter 2 presents an overview of the state-of-the-art in spatio-temporal data

modelling, with specific emphasis on modelling moving objects. The chapter also
addresses different data acquisition methods and techniques to acquire data about
these objects. It also provides the informal definition of moving objects. Finally,
it contains fundamental assumptions made in this work, and provides notations
used throughout the chapters to come.

Chapter 3 motivates the need for reducing the error associated with moving
object data before any further processing. Already available techniques mainly
used for unconstrained moving objects are addressed. More intelligent methods are
proposed for network-constrained moving objects to narrow down the associated
error even more. Experiments are carried out to support the proposed methods.

Chapter 4 brings up the issue of faithful trajectory representation and failure
of the two well-known and most often used interpolation techniques. It discusses
the disadvantages of these two techniques and introduces a new method to over-
come the problems and to represent the object’s trajectory more realistic. Results
of experiments back up the method.

Chapter 5 emphasizes the fact that dealing with huge volumes of moving ob-
ject data requires compression techniques to eliminate not so informative data in a
way that does not result in detrimental information loss. This research addresses
both location and time, by proposing spatio-temporal compression techniques that
support possibly erroneous trajectories with different lengths. Experimental re-
sults support these techniques.
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Chapter 6 explains the need for similarity search for moving object trajec-
tories. Different operators are proposed to present different levels of similarity
between trajectories. Consequently, the similarity notion itself is based on dif-
ferent available data types resulting from these operators. Finally, the chapter
reports on solid techniques to perform the similarity search.

Chapter 7 summarizes the research achievements, followed by a discussion of
the lessons learnt. It also provides some directions for further study in this field.

The thesis outline is shown in Figure 1.1, in which the information flow and
dependency between chapters are shown.

Figure 1.1: Thesis layout.



Chapter 2

Looking back & forth

You cannot teach a man anything;
you can only help him find it within himself.

Galileo Galilei (1564 – 1645)

For quite some time, members of the database community considered spatial
databases and temporal databases to be new trends. Many database scientists
identified and solved related problems. Spatial database research focused on
modelling, querying, and integrating geometric and topological information in
databases. Temporal database research concentrated on modelling, querying, and
recording the evolution of facts under different notions of time and, thus, on ex-
tending the knowledge stored in databases about the current and past states of
the real world [36]. Despite the many great results achieved, the satisfaction of
database community did not last long. It soon realized that in reality, space and
time are rarely, if at all, independent. Soon, new efforts were directed towards inte-
grating both concepts in one database. Both the spatial database community and
the temporal database community individually tried to extend their databases
to support the missing concept. Integration of space and time means dealing
with time-varying geometries, which soon became the main focus of a new branch
of database, i.e., the spatio-temporal database . Looking at history of spatio-
temporal data models reveals how this branch of databases has evolved.

2.1 Non-integrated spatio-temporal data models

In an early attempt in 1964, Berry [14] proposed a simple measurement framework
for geographic data called the geographical matrix, which in its simplest form is
represented as a two-dimensional table. In this table, columns represent places
and rows represent characteristics. Time was added as a third dimension. Bullock
in 1974 and Hagget in 1977 also took this approach [57]. Later in 1978, Sinton
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observed that three factors of location, time, and theme are playing a role when
studying real-world phenomena, such that one of these factors is usually fixed,
one varies in a controlled manner, and the third is measured [121]. Since his
observation was mainly about thematic maps, he only considered static objects
and did not discuss objects moving through space [83].

Gradually research on spatio-temporal data models became systematic result-
ing in the following categories.

2.1.1 Time-stamped data models

During 1980s and beginning of 1990s, three time-stamping approaches were pro-
posed to incorporate time into relational databases, namely, (i) time-stamping
a relation [44], (ii) time-stamping individual tuples [124, 11, 26], and (iii) time-
stamping individual attributes [45, 119, 43]. Gabbay & McBrien also tried to
define a general extension to the relational algebra to include temporal semantics.
They used the concept of since and until in their temporal logic [42]. Temporal
relations were extensively discussed by Jensen & Snodgrass [67].

Parallel to the three time-stamping approaches in relational databases, various
research was on the way to enhance GIS’s spatial data models by inclusion of
models of time. Egenhofer & Al-Taha studied gradual changes of topological rela-
tions between spatial objects over time and consequently proposed a data model
to describe these [32]. Yattaw presented a classification of geographic movement
using different models of time in conjunction with different spatial data types [154].
Moreira et al. in [93] proposed that models of time include the linear model, for
processes where time advances step by step from past into the future, the cyclic
model, for recurrent processes like weeks, months, and years, or the branching
model to represent time dependencies between entities. The authors also men-
tioned, the discrete model, in which time is measured at certain points or intervals
and variation is discontinuous between these points, hence, the structure of points
in time are isomorphic to the natural numbers, versus the continuous model, in
which time structure is isomorphic to real numbers and thus, contains no gaps.

In the GIS field, a tuple time-stamping approach has often been used to ex-
pand the schema of a relation by explicit temporal attributes that are used to
describe the validity period of a whole relation [35]. The data models proposed
by Armstrong in 1988 [12], Langran & Chrisman in 1988 [80], Beller et al. in
1991 [13], and Rafaat et al. in 1994 [111] are some examples to mention. In this
kind of model, any single attribute change leads to duplicating the whole tuple. As
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a result, multiple relations contain the information about an object. Continuous
change of spatial objects cannot be properly modelled by this approach [35]. In
the data model proposed by Armstrong, which is called the snapshot model, every
layer is a set of temporally harmonized units of theme and the model represents
states of one layer at different times. One of the main characteristics of this model
is that layers at different time are not necessarily different [12]. Langran’s model,
namely the space-time composite model, expands the idea of Armstrong’s model
by overlapping multiple snapshot layers into one spatio-temporal composite layer.
It conceptually describes the attribute change of spatial objects during a time
interval. In case of updates, an object needs to be reconstructed. Consequently,
geometrical and topological relationships should be updated as well [80]. A major
problem in this model is that only either space or time can be variable at a time,
but not both. Therefore, although the model allows to record change, it fails to
capture mutation or movement. The model of Beller et al. is called the Temporal
Map Set (TMS); it is a collection of layers representing time instances at which
an event has taken place. In contrary to the snapshot model, the temporal map
set model requires layers to be different at different times, therefore, the whole set
shows subsequent states of one spatial unit during a specified period [13]. Rafaat
et al. discussed spatial and thematic attribute changes in a GIS and consequently
proposed a relational method to access spatial and temporal topologies [111]. In
this model, attribute changes of an object are recorded using tuple-timestamping
approach for various time intervals, until it is destroyed or becomes another en-
tity. States of a single data layer is represented by a set of relations, containing
topological, attribute, and a positional relation [7].

In 1992, Worboys explicitly brought up the idea of generalizing a spatial data
model to become spatio-temporal [150]. Later in 1994, he proposed a model called
the spatio-temporal object model, in which spatio-temporal objects are defined
as so-called spatio-bitemporal complexes. In this model, spatial properties were
represented by simplicial complexes. On the other hand, temporal properties
were represented using bi-temporal elements attached to all components of spatial
features [151]. The model allows to capture the change in attributes in both time
and space. However, it can only represent discrete attribute change.

2.1.2 Process-based data models

Possibility of modelling spatio-temporal phenomena by events or processes were
also being considered by researchers and data models such as the dual ordered
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hierarchical structure by Whigham [142], the Event-based Spatio-temporal Data
Model (ESTDM) by Peuquet & Duan [100, 101], the object-oriented data model
by Raper & Livingston [115], three domain data model by Yuan [158], extended-
versioning data model by Claramunt & Thériault [25] were proposed.

Whigham observed that time is relative, has an imposed order and has dif-
ferent resolutions. He therefore, proposed a dual ordered hierarchical structure
where time and events are represented in their own hierarchies, placed on a spatial
background reference. Events are placed in a hierarchy with locational reference.
An appropriate time hierarchy then is linked with the events hierarchy to establish
the time frames for the individual events. Links within the events hierarchy can
be used to show casual relationships between events [7].

The event-based spatio-temporal data model was a raster-based model to rep-
resent spatio-temporal information about spatial change. The main idea behind
this model was to distinguish between three representations of spatio-temporal
data with respect to specific analytical tasks. With this representation, a triad
of object-based, location-based, and time-based data was defined [100]. In this
model, events are sequentially recorded. Each event is associated with a list of all
changes that occurred since the last update [102]. The same as the TMS model,
ESTDM clusters time-stamped tuples to show temporal evolution of a single event.
It managed to outperform the temporal map set model in data efficiency and sup-
port for analysis of temporal patterns and relationships, since rather than storing
each event independently, it stored changes in relation to the previous events.
Generally speaking, the event-based model has its capabilities and efficiency to
support both spatial and temporal queries [158], however, it suffers from the lack
of comprehensive definition.

In the object-oriented data model of Raper & Livingstone, every spatio-temporal
phenomenon is represented by a set of form, process, and material objects. Three-
dimensional location and one-dimensional time are considered as attributes of
spatio-temporal objects. This approach is similar to Worboys’ space-time object
model but Raper & Livingston emphasized the importance of a physical system
and processes. However, while this model can handle point spatial objects well, it
has difficulty in dealing with area data and topological relationships [158].

Yuan’s three domain model defines semantical, temporal, and spatial objects
in three separate domains. Geographical objects are represented by dynamically
linking these three domains. Time is considered as an independent concept, instead
of being an attribute of location. The data model is able to represent attribute
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changes, static spatial distribution, static spatial changes, dynamic spatial changes,
mutation of a process, and movement of an entity. The major advantage of this
model is to have dynamic linking between the three domains of the model instead
of having a pre-defined data schemata [159]. In practice, this model demonstrated
capability to represent and analyze behaviour of spatio-temporal objects.

Although these three fairly recent data models are able to show transitions,
they have difficulty in handling mutation and movement and answering queries
about transitions. In addition, they are limited to raster or point-based models.

In 1995, Claramunt et al. represented a vector-based conceptual approach to
incorporate time and topologic and metric dimensions into one data model. The
obtained model aimed at representing changes among a set of objects. The pro-
posed model, namely extended-versioning data model was based on an extension
to the versioning concept. This concept implies that any attribute change leads to
explicit storing of a new version of the information in the database. A sequence
of these stored information is then used to describe successive events in the real
world [25]. The main disadvantage of this model is that explicitly storing all the
changes is costly, since for each change relationships among objects as well as the
relationships among the versions should be stored.

It soon became clear that extension of spatial or temporal databases by adding
temporal support to spatial databases or adding spatial support to temporal
databases does not suffice. While spatio-temporal data models describe geometry
change, none of the proposed models can model any sort of movement (change in
location) and/or mutation (change in shape or size). The conclusion was that the
simple aggregation of space and time is inappropriate due to the fact that it fails
in capturing and representing continuous change. The temporal characteristics of
spatial objects must be investigated to produce inherently spatio-temporal con-
cepts such as unified spatio-temporal data structures, spatio-temporal operators,
and spatio-temporal user-interfaces [120].

2.2 Integrated Spatio-temporal data models

Research on integrated spatio-temporal data models concerns conceptual, computa-
tional, logical, and physical data models. This section looks at the most important
efforts that seem to hold promise.
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2.2.1 Conceptual data models

Many research in modelling spatio-temporal phenomena were directed towards
conceptual data models, in which the following trends can be identified:

• Data models based on time-dependent functions

To the best of our knowledge, the first effort in the area of integrating space
and time in a single data model using time-dependent function, was reported
by Yeh & Cambray in 1993 and was extended later in 1995 in an approach
called behavioural time sequences [155, 156]. Each element in this approach,
consists of a geometric value, a date, and a behavioural function. The evolu-
tion of such a sequence is represented by a behavioural function. Although
they worked towards integrating models of space and time, they did not
address the embedding of their model in databases [35].

By the year 1997, the term moving object gradually appeared and became
one of the major focuses of the spatio-temporal community. Promising re-
sults started to come along while using an idea similar to the idea of time-
stamped attribute models, in which information about an object is gathered
into a single tuple and complex attribute values are allowed. These complex
values incorporate the temporal dimension and are frequently modelled as
either functions from time into a value domain [35]. Sistla et al. came up
with a model, called Moving Objects Spatio-Temporal (MOST). MOST and
the query language based on it, namely Future Temporal Logic (FTL), as-
sume for any spatial object dynamic spatial attributes, i.e., attributes that
may change value over time, are changing according to a given linear func-
tion [123]. A dynamic spatial attribute is represented by three-subattributes;
initial position, update time and a function of time, which determines mov-
ing object’s position between each two consecutive updates using motion
vector. For an object moving on a well-defined route, the motion vector is
specified by two numbers denoting the upper and lower bound on the speed;
for an object moving freely in the two-dimensional space, the motion vector
is specified by giving the speed bounds in both X and Y directions [122].
Motion vector can change, but in most cases it does so less frequently than
the spatial attribute itself [123]. A rather restrictive assumption they made
was that it is possible to automatically update the motion vector when a
change in speed or direction is sensed. Moreover, the model did not capture
the full trajectory and did not accommodate the whole history of a moving
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object, focusing only on present as well as future status of the moving object.
Another drawback of this proposal is the fact that the query language was
purely temporal. Also, it neither offered a comprehensive set of types and
operations nor addressed any other kind of moving geometry but moving
point.

A follow-up on the group’s proposal was reported by Moreira et al. They
proposed a model to represent moving point objects with a decomposition of
the trajectory of a moving object into sections. The movement within each
section of a trajectory is described by a linear variability function, based on
the method of minimum squared deviation. The model allows to provide the
complete information about an object’s movement whether or not explicit
updates of position occurred [93]. A major problem in the model is that
locational precision depends greatly on the data acquisition devices used,
which might be quite low. One year later, they reported on an extension
on their previous data model, proposing a number of basic operators on
moving objects with different semantics to provide meaningful operations.
They believed that it is necessary to establish relevant operations to be used
in queries and appropriate semantics to interpret them to deal with inherent
uncertainty of moving objects. Therefore, three semantics were added as
prefix or suffix to operations used in queries to cope with uncertainty of
moving object data. An important observation about these semantics is that
they are integrated at the level of operations rather than being introduced
more generically at the query language level. The reason is that they are
only meaningful in movement-related operations [92].

Chomicki & Revesz studied a framework in which spatio-temporal objects
are described as collections of atomic geometric objects. In this framework,
the development of each spatio-temporal object is represented by continuous
functions [23].

In 2001, Vazirgiannis and Wolfson introduced a model for moving objects
on road networks. In this model, the object trajectory is specified by giving
the starting address, the starting time, and the ending address. A priori
given module computes the shortest cost (distance or travel-time) path in
the road network. An innovative aspect of this model is the role that the
road network plays in determining the object trajectory. A small set of
expressive predicates is defined that could effectively be implemented using
existing operators within a DBMS [137].
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• Data models based on abstract data types

Since 1987, spatial data types (SDTs) had been widely used in spatial
databases. They were formally defined and were utilized as operators in
query languages. Even, some prototype systems were implemented to exam-
ine how these data types can actually be integrated with database. Despite
these efforts, there has not been a completely satisfactory solution avail-
able [55]. This was because they were not general, somehow ambiguous,
none of the proposed models or implemented prototypes had finite resolu-
tion, nor covered the geometry consistently. To overcome these problems,
the concept of realm was introduced in the data modelling by Güting &
Schneider as “a finite, user-defined structure that is used as a basis for one
or more system data types” [55]. Later, the Rose algebra was defined on
top of the realm notion and offered general types to represent spatial primi-
tives, i.e., point, line, and region together with a complete and broad set of
operations, which can be used to represent the moving object concept [56].

Based on the Rose algebra, Erwig et al. in 1998 brought up the interest-
ing idea of encapsulating spatio-temporal data objects as ADT (Abstract
Data Types) objects that can be integrated into databases. The idea was to
propose an algebra over non-temporal data types that could be lifted and
extended for operations over temporal types. They also discussed meth-
ods to integrate the defined algebra (data types and lifted operations) into
SQL [35]. A type constructor was defined to obtain spatio-temporal ob-
jects, whenever it is applied to spatial type objects, i.e. points or polygons.
As a result, this model offered better management of spatio-temporal phe-
nomena. The advantages of the ADT approach are manifold; one of such
advantages is that ADTs have a better support for modelling continuous
changes, thus, are more expressive than time-stamped (attribute, tuple, re-
lation) approaches [34]. Another important advantage of ADTs is due to
the fact that they are defined independently of a DBMS data model and
query language. Therefore, they can easily be conceptually integrated into
other data models and query languages [35]. One of the main principles
of Erwig and his colleagues’ work was that they tried to support the basic
properties of moving points/regions in their data model and query language
rather than to use existing applications and adapting them to support mov-
ing points/regions. Regardless of the fact that their model was not easy and
feasible to implement because of a very large set of data types and opera-
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tions proposed, this was a good start and fine step towards building data
models supporting moving objects, which in turn could result in developing
new applications that were never thought of before.

Another spatio-temporal modelling approach based on ADTs in 1999, came
from Parent et al. They believed that previous models had failed to faith-
fully represent the real world because their conceptual model was improper.
Therefore, they proposed a spatio-temporal modelling approach at a concep-
tual level, called MADS. The proposed data model is one of the few data
models to follow the orthogonality principle in space and time integration.
MADS supports modelling stationary as well as moving objects, thus both
discrete and continuous geometry changes over time [98].

Güting and his colleagues, in 2000 proposed an interesting abstract data
model for moving objects, in which spatio-temporal phenomena are repre-
sented as attribute data types. Appropriate operations were associated with
these data types to provide an abstract spatio-temporal type extension to
a DBMS data model and query language. The abstract data model offers
some basic data types, which are described by a signature. The most im-
portant operator in their data model is a type constructor τ , which maps
any given primitive data type α into a function type τ(α) with semantics
τ(α) ≡ time → α. So, this allows to define data types such as τ(point)
and τ(region), respectively [33]. The first represents the position of a point,
and the seconds represents the geometry of a region, at any time (t). In
this model a moving object is represented by a sequence of 〈x, y, t, a1...an〉,
in which x and y refer to object’s position at time t and a1...an stands for
possible attributes. This approach provides complete support for both dis-
crete and continuous spatio-temporal objects. The authors first defined the
semantics for data types and operations used in their abstract data model.
To implement this model, they later on proposed appropriate data structures
and algorithms for the defined data types and operations. This was inde-
pendently done from the semantics definition. To support time-dependent
geometries, a mechanism called lifting was used, in which all operations al-
ready defined over non-temporal types were uniformly and consistently made
applicable to corresponding temporal types. Finally, special operations were
offered for temporal types τ(α) with functional values. The advantage of this
model compared to models that use other elements such as polygons and sim-
plicial complices is that the object representation is closer to reality, while in
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the others the representation is only an approximation of reality. The main
concerns in this model’s design were orthogonality in the data types, gener-
icity, simplicity, expressiveness of operations, and closure between structure
and operations of non-temporal as well as temporal types. Güting and col-
leagues’ work was the first comprehensive design of spatio-temporal types
and operations and their corresponding discrete data model [54].

A continuation of Güting’s group work was reported by Forlizzi et al. in
which a discrete data model implementing the abstract model was defined.
For all data types of the abstract model proposed in [54], corresponding
‘discrete’ types were defined that can be implemented in terms of finite rep-
resentations. Constraints were accurately and formally defined to describe
a value of the abstract model using finite representation. The interesting
part of the model is how temporal types are represented. A novel concept,
namely sliced representation, is used to represent a temporal evolution of
spatio-temporal objects as a set of elements. Each element describes a simple
time-dependent function. The authors also addressed how defined discrete
representation can faithfully be transformed into data structures used by a
DBMS [39].

• Data models based on unified modelling language

Price et al. first in 1999, extended the unified modelling language (UML) to
represent the space and time semantics as required for spatio-temporal appli-
cations [107]. Their work suffered from lack of formal definition of semantics.
One year later, authors in [108] developed a spatio-temporal extension to
UML by adding a set of constructs that can be applied to classes, attributes,
and associations. The extension is based on spatio-temporal symbols, and
a certain section is used to describe the semantics of spatio-temporal prop-
erties. One of the unique property of this work is the possibility to group
attributes with the same spatio-temporal properties, and consequently, to
precisely define characteristics of an object. In general, this work covers a
wide range of spatio-temporal semantics with well-defined syntaxes. How-
ever, the issue of constraints that can be applied on associations or classes
are not discussed [41].

In 2000, Brodeur et al. developed a geospatial repository compatible with
ISO-standards for geographic information. To implement the model, a UML-
based visual modelling tool was used [17]. The spatio-temporal characteris-
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tics were defined at class and attribute levels. This work suffers from lack of
formal definition of constraints and spatio-temporal operators [41].

• Data models based on modelling unit

Tryfona and Jensen in 1999, developed a spatio-temporal extension to the
ER model using abstractions and modelling units [133]. The modelling units
are “generic, autonomous, and semantically meaningful excerpts of concep-
tual database schemas that capture similar semantic aspects of the appli-
cation domain” [134]. The authors aimed at defining a set of conceptual
structures to be implemented in a DBMS to realistically represent the real-
ity. The proposed model, the SpatioTemporal ER model (STER), represents
time-stamped (spatial) objects as well as time-stamped tuples by associ-
ating temporal and spatial icons to objects, attributes, and relationships.
The model offers explicit support for describing and modelling time-varying
relation between associated spatial objects [108].

• Data models based on constraints databases

Work in constraint databases [70] is also applicable to spatio-temporal set-
tings. Papers that explicitly address snapshot spatio-temporal examples and
models based on constraints include [22, 51, 52]. In this kind of models, a sin-
gle set of constraints is considered to represent spatial objects. Operations
that were originally defined in relational algebra using finite set of points
are widely utilized in most of the existing approaches. However, recently,
the need to include other operations, e.g., distance, was recognized [51]. Al-
though constraint databases prove to hold conceptual promises, the reported
results are still far from satisfactory. Mokhtar et al. who considered the
constraint database approach to model moving objects, identified direction,
velocity, trajectory, curvature and torsion as important properties of a mov-
ing object. Consequently, they argued that these properties can be used as
constraints. In their model, a collection of linear constraints over time and a
linear function from time to multi-dimensional space represent a time interval
and location of a moving point, respectively. Each piece of an object trajec-
tory is modelled as a collection of constraints together with a time interval
and a coordinate variables. For instance, (a1, a2, a3)t+(b1, b2, b3)∧t0 ≤ t ≤ t1

represents a piece of trajectory between [t0, t1]. To address query processing
issue, three types of queries, namely, past, continuing, and future queries
were identified. Since traditional constraint databases already properly sup-
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port past queries, the emphasis was directed towards new techniques to ad-
dress continuing and future queries. Considering the fact that distance-based
queries, such as the ones previously reported in [126], was the focus of the
query language associated with this model, a single generalized distance func-
tion was defined as a mapping spatial objects to continuous functions from
time to space [91]. Later on, the model was extended to cover moving object
trajectories with uncertainty. In the new model, a trajectory is modelled as
stochastic processes. Uncertainty associated with a trajectory at any point
in time is represented using a time-dependent uniform distribution [90].

• Data models for multidimensional data

In an interesting work in 2002, Jensen et al. proposed a multidimensional
data model for location-based services, which was an extension to multidi-
mensional model and algebra earlier proposed by Pedersen et al. [99]. One
of the main assumptions in this model is that moving objects are active
agents, being able to disclose their positional information to location-based
services. Using this information, LBSs will provide their agents with appro-
priate functionalities. A number of requirements for a multidimensional data
model for such location-based service was identified, which includes explicit
and multiple hierarchies in dimensions, partial containment, non-normalized
hierarchies, different level of granularity, many-to-many relationships be-
tween facts and dimensions, and handling imprecision of data from different
dimensions. Association of the proposed data model with an algebra may
provide a basis for formally defining a query language [66].

In the same year, modelling moving objects over multiple granularities was
discussed by Hornsby & Egenhofer. Since various applications require dif-
ferent levels of details, the importance of selecting suitable level of details
was addressed. A collection of time-stamped tuples were used to represent
movement of an object during a time period. The authors argued that the
desired granularity defines which forms of approximation should be used to
determine an object movement. Applying a linear approximation on a se-
quence of time-stamped positions results in determining the simplest form of
object trajectory. More detailed and more general views on movement can
be captured by refining and coarsening granularity, respectively [59]. This
work, however, did not address the issue of moving views between different
granularities.
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• Data models for multimedia data

In multimedia applications, Nabil et al. proposed a model to retrieve moving
objects appearing in multimedia scenes, in which objects were represented in
terms of their trajectory, as discrete snapshots [94]. They captured location
data representing the centroid coordinate values of a moving object so that
direction of the movement of a moving object and the distance between two
moving objects could be calculated. In this model, all objects in a study
area are represented as a graph, in which spatio-temporal relationships are
labelled by edges between object nodes [34]. The model did not address
changes in the shape of objects.

Vazirgiannis et al. in 1996 used topological relationship between static spa-
tial objects as well as temporal relationships between moving objects to
extract moving objects from a multimedia scene [136]. They assumed that
all objects can be viewed as rectangles and some spatially, temporally, and
spatio-temporally relationships may exist between these objects. A set of op-
erators was utilized to represent the temporal relationships between objects.
This model does not support any change in location and/or extent.

Li proposed a method to model multimedia data, in which the trajectory
of a moving object was modelled with three parameters: object displace-
ment, the direction of displacement, and the time interval. For any moving
object, he considered eight possible directions, namely, north, east, west,
north-east, north-west, south, south-east and south-west. The major prob-
lems in his model were (i) computation of a displacement could be very
expensive, and (ii) capturing the relationship between objects proved to be
difficult. Therefore, he extended his model by definition of moving spatio-
temporal relationship, in which the relationship between two moving objects
was defined by the following three components: the topological relationship
between the two objects, the directional relation between two objects and
the time interval that these two relations, were holding [81].

2.2.2 Computational data models

Assuming network-restricted movement for moving objects, Speičys et al. in 2003
developed a computational data model. Their proposed data structures can be
used as a basis for data storage and query processing as well as to model road net-
works, moving and stationary objects. The data model includes a two-dimensional
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as well as a graph representation of road networks, and static and moving ob-
jects [125].

2.2.3 Logical and physical data models

By December 1997, the first attempt to integrate space and time into a relational
database was reported by Tryfona & Hadzilacos. The modelling requirements of
spatio-temporal applications at the logical level of design were discussed and the
essential elements of a spatio-temporal application and the interconnections among
them were represented. After identifying key features required for handling spatio-
temporal phenomena that are currently lacking in relational data models, they
proposed an extension of the relational data model, called the Spatio-Temporal
Relational Model (STRM), providing a small set of representation constructs [132].

In 1999, Wolfson and his colleagues identified a set of functions that are needed
to handle moving objects and consequently they proposed a data model to sup-
port such capabilities. In their proposed prototype, called DOMINO, they aimed
at integrating these required functionalities in a layer on top of existing DBMSs.
They introduced a system architecture that consists of three levels. The first level
is an object-relational DBMS, which stores moving object data in a form of a se-
quence of time-stamped positions. The second level is a GIS that is responsible for
storing, querying, and manipulating spatial objects. The third layer, DOMINO,
contains temporal predicates and offers support for inherent uncertainty of mov-
ing object data [146]. A comprehensive approach to integrate these supports in a
commercial DBMS was also proposed [149]. Later, the data model was modified to
also support uncertainty of moving object data and deviation between a moving
object’s actual location and its location as stored in the database. In the new
data model, which assumed constrained movements on predefined networks, point
objects were either mobile or stationary. If the object is stationary, its location
attribute is an (x, y) coordinate pair. However, if the object is mobile, its location
attribute has six sub-attributes, namely, the pointer to a line object representing
the network segment on which an object is moving, location and time at which the
object started its movement, the direction in which the object travelled, the (pre-
sumed constant) speed at which the object travelled, and, finally, an uncertainty
measure, which could have been either constant or a function of time, representing
the threshold of the location deviation. Another contribution of this work was a
probabilistic model and an algorithm for query processing. In this model the loca-
tion of a moving object is a random variable. The density function of this variable
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is determined using object location at any point in time and uncertainty derived
from the database [147].

Bédard et al. reported on a spatio-temporal visual modelling tool, called Per-
ceptory, which was an extension to UML [109]. It, however, lacks support for
raster and multi-dimensional data.

Chen et al. in 2003 developed a prototype called CAMEL (Continuous, Active
Monitor Engine for Location-based Services). It was designed to support intelligent
location-based services for moving object databases by offering a high performance
location management engine [21].

2.3 Spatial change

We have seen that many recent developments in spatio-temporal data models are
aimed at supporting the representation of spatial change over time. Two types
of spatial change may be distinguished, namely discrete change and continuous
change. Cadastral applications are well-known examples of the former, in which
discrete changes are relatively easy to keep track of in a database. This can be
achieved by frequently updating the database and recording history [54]. However,
with continuous change, it is not feasible to constantly update the database for
each such change.

2.3.1 Moving objects

The essence of spatio-temporal data models is to accommodate continuous change
over time. Although this phrase almost immediately brings the terms moving
object and movement to mind, it was only recently that researchers came up with
formal definitions of both terms in context of spatial data handling.

A moving object is an object whose position and/or extent changes over time [34].
The focus of this work is on moving point objects. Therefore, from now on when-
ever it is referred to a moving object, a moving point object is considered, unless
it is mentioned otherwise. Any change in location will be viewed as movement .
Simply speaking, movement is a mapping of time into space, indicating location
at different points in time. The sequence of time-stamped locations visited by a
moving object, form that object’s trajectory. A trajectory is an ordered historic
trace of locations of a moving object, that can be depicted (simplified) as a line,
however, the temporal characteristics are important semantic parameter in defi-
nition of trajectory. In fact, a trajectory represents the path taken by an object
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together with the time instants at which the object was at every position along
the path [137].

In contrast to static objects, moving objects are difficult to represent in a
database. Currently, applications dealing with moving objects are being devel-
oped in an ad hoc fashion. Despite of all the work on databases, situations in
which the whereabouts of objects are constantly monitored and stored for future
analysis are an important class of problems that present-day database users will
find hard to tackle satisfactorily with their systems. The reason is that special
functions needed by such applications are currently lacking. Therefore, there is
an essential set of functions that has to be integrated, and built on top of existing
DBMSs to support moving objects [146]. Such functions constitute a wide do-
main ranging from data models, data structure and operations, indexing methods,
query processing techniques, and visualization methods that can handle continuous
change in moving objects and their large amounts of data.

Applications dealing with time-varying data can be classified in one of the
following categories [132], based on the type of change they accommodate:

• Applications that are concerned with changes of non-spatial characteristics
of objects, e.g., land parcels in a cadastral information system.

• Applications in which the position of objects continuously changes, e.g., cars
moving in a road network.

• Applications with objects that integrate changes in the above case as well as
changes in their extent. This case mostly happens in environmental applica-
tions, e.g., monitoring water pollution caused by oil spills.

While the first category deals with rather discrete phenomena, the other cate-
gories handle continuous change. Since our focus is on continuous change of object
positions, here a fundamental issue arises, namely the ‘medium’ via which the ob-
jects are thought to travel. That medium may or may not impose restrictions on
movement. This results in at least three scenarios of object movement:

• Free movement in 2D or 3D space, e.g., animal migration.

• Restricted movement in 2D or 3D space, e.g., ships along coastlines.

• Restricted movement on 2D or 3D networks, e.g., car movements.

Obviously, there are scenarios, in which movements occur in combination, for
instance, movements in shopping malls. Although these can be seen on the one
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hand as free movements, since people can freely move in space in any desired
direction and any manner, on the other hand their movements are still restricted
to the corridors and spaces between shelves. Another important observation is
that situations in which objects are stationary are special cases of movement and
should not be ignored. Stationary situations may occur due to physical obstacles
(accidents, traffic), permanent constraints on the movement (stops at traffic lights),
or personal decisions (waiting for someone in a parked car).

2.3.2 Data acquisition methods

Acquisition of data is one of the concerns in data modelling, since on the one
hand it has a direct effect on the data types to be supported by the data model,
while on the other hand it requires the data model to provide strategies to handle
imprecision and inaccuracy associated with the acquired data.

Data acquisition methods that are used for moving objects can be classified on
the following basis:

• Analog method:

In this method, the moving objects themselves take note of their whereabouts
(address) at any point in time.

• Digital methods:

– Passive monitoring:

This method requires object identification. Objects are not associated
with sensors and are externally monitored. Radar used in air traffic
control and photo camera used in car traffic analysis are examples of
this method.

– Active monitoring:

In this method, monitored objects have a positioning device on-board.
The positioning device can be used for either of the following purposes:

∗ To record a sequence of time-stamped positions. These observa-
tions can be either synchronized, if all moving objects are observed
at the same instance, or are independent [93]. GPS, Galileo, and
cellular phones are examples of this category. Obviously, accuracy
of obtained data differs depending on the technology that is used.



28 2. Looking back & forth

∗ To record speed, direction, and/or acceleration at any point time.
This technique is mostly used in function-based data models, in
which chip sets associated with objects can detect any change in
the mentioned values and consequently record them. Later on,
these values are used to find the location of the object.

2.4 Setting the scene

This is a crowded world with mobile inhabitants. Inhabitant mobility gives rise
to traffic, which, due to various behavioural characteristics of its agents, is a
phenomenon that displays patterns. It is our aim to provide tools to study, analyze,
and understand these patterns. We use the moving object phrase as a container
term for various organic and inorganic entities that demonstrate mobility that itself
is of interest to the application. We target traffic in the widest sense: commuters
in urban areas (obviously), a truck fleet at the continental scale, pedestrians in
shopping malls, airports or railway stations, shopping carts in a supermarket,
pieces of luggage in airport logistics, even migratory animals, under the assumption
that one day we will have the techniques to routinely equip many of them with
positioning devices. Fundamental in our approach is that we are not only interested
in present position, but also in positional history.

Recently, with the coming about of miniature and cheap GPS receivers and
cellular phones, data about whereabouts of moving objects can be obtained more
easily and more accurately than ever before. This has been one of the reasons
to consider active-monitoring technique as the data acquisition method in this
work. In particular, it is assumed that people are travelling by some means of
transportation equipped with a GPS receiver, enabling data acquisition at regular
or irregular time intervals. The acquired data, immediately or with a delay, is
transmitted to a central base station.

Generally speaking, GPS data has the following format:

〈header, location, time, altitude, distance, time− interval, speed, direction〉,

however, since not all positioning techniques are capable of providing momenta-
neous speed and direction values, we only use part of GPS data, namely, location
and time. We derive speed and direction from these two data, whenever it is
needed for computational purposes, e.g., Section 4.2.1 and Section 5.2.2. Conse-
quently, 〈Oid, x, y, t〉, represents the position of a moving object, in which Oid is
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the object identifier, x and y are, respectively, easting and northing location of
the object, at time instant t. It should be noted that since location data obtained
from GPS represents latitude and longitude using some datums like WGS84, no
easy distance function such as Euclidean distance can be directly derived. There-
fore this data should be converted to a coordinate system allowing direct distance
computations, such as a regular Euclidean grid or Dutch grid (RD).

Here, three important concerns arise. First, cutting off a trajectory and start-
ing a new. In other words, even if continuous monitoring a moving object for
few years is possible, we assume to stop the monitoring process at some point in
time and start a new. This results in obtaining various trajectories of a single
object. An important question, however, is what computational techniques should
be applied to make the cuts. We choose to cut off a trajectory when an object is
‘at rest’. Secondly, the frequency in which data is acquired, i.e., the sample rate.
Small sample rate may result in too few recorded data points, while large sample
rate may result in far too many data points. A small sample rate could result
in arbitrary wrong results after position interpolation, whereas the latter could
lead to storage problems. Although it is quite possible that the application itself
adds data points to the data stream, this should be done only on a basis of known
physical laws governing movement of specific object. Thirdly, despite its contin-
uous nature, movement can neither be acquired nor represented and stored in a
continuous manner. Thus, the knowledge about the movement of an object, as it is
stored in a database, can only be a partial representation of reality. Since discrete
representations are used for this continuous phenomenon, there is a need to inter-
polate the data for in-between time instants. We assume that the time interval
in which data is acquired is short enough to allow the use of linear interpolation.
There are at least four reasons to support our choice of linear interpolation:

1. Linear interpolations are easy to handle mathematically.

2. A linear function has a straightforward representation, which is particulary
important for the integration into relations [34].

3. In many of the applications we have in mind, object movement appears to
be restricted to an underlying transportation infrastructure that itself has
linear characteristics.

4. It is difficult to determine a general function, which can faithfully describe
the whole movement.
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In using a piece-wise linear interpolation to describe object movement, the
following issues should not be ignored:

• Using higher-order polynomials has some advantages, for instance, it could
lead to less segments and to a more precise approximation of the movement
within each segment [34].

• Result of applying linear interpolation may not be so realistic because move-
ments usually do not have sudden bends. Secondly, using linear interpolation
results in stepwise constant speed or velocity and zero acceleration [34].

One should note that an issue that immediately arises as a major concern in
applications that people are the moving object of interest, is the privacy issue. Due
to this concern, having real data for experiments is not always easy. Therefore,
for the experiments in this thesis, simulation technique is used to provide the data
whenever having data from real world was impossible.

After discussing the basic assumptions and fundamental issues of this work,
now it is time to provide the notations that will be used throughout the following
chapters.

2.4.1 Notation

For the sake of clarity, at this early stage it is appropriate to elaborate on terms,
concepts, data types and functions that are used later in this thesis. In doing
so, we follow the abstract data model proposed by Güting et al. because of the
following reasons [54]:

• Defined operations in this data model can be applied to many data types,
while they still operate in a consistent way.

• The data model maintains consistency between structures and operations of
non-temporal and related temporal types.

• The defined functions in this model are continuous.

The definition and signature of each data type and operation in this thesis are
as follows:
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• Data types

1. Natural and real numbers are the two base types; they are denoted as
IN and IR, respectively. These have the usual interpretations. Further-
more, IT is the set of time instances, considered to be linearly ordered
and continuous: IT ∼= IR.

2. A point is a suitable representation for an object when only the position,
not the extent, is of interest [54]. The location l of a point object is of
type IL, l : IL, and it is represented by a pair of (x, y) expressing easting
and northing. We have:

IL ∼= IR× IR.

3. A moving object leaves a trace s of locations visited behind; it is a
sequence of locations, the type of which is denoted by ID, such that
s : ID. We have:

ID ∼= seq IL.

4. If we register with each location in the trace s also the time of visit, we
obtain a sequence p of time-stamped locations that is called trajectory
( or: path), and which has type IP, giving p : IP. This type is defined
as:

IP ∼= seq (IT× IL).

5. We view a network g as a directed graph, consisting of nodes and edges.
For our purpose, a (directed) edge is represented as a pair of nodes, with
the first node the start node. This leads us to a definition of the network
type G:

G ∼= { (V,E) : set IL× set(IL× IL)|E ⊆ V × V }.

We have g : G.

• Functions

1. len(p) : this function takes a trajectory p and returns its number of
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locations.

p : IP ⇒ len(p) : IN.

2. len(s) : this (overloaded) function, similarly, takes an object trace s

and returns its number of locations.

s : ID ⇒ len(s) : IN.

3. dist(q, r) : this function takes two locations q and r, and returns the
Euclidean distance between them.

q, r : IL ⇒ dist(q, r) : IR.

4. p ++ s : this operator takes two trajectories p and s and returns their
concatenation

p, s : IP ⇒ p ++ s : IP.

This concatenation operator is only defined for two cases:

– the last timestamp of p falls before the first timestamp of s, in
which case the result is that of a simple list concatenation; or,

– the last timestamp of p equals the first timestamp of s, and their
respective locations are identical, in which case the result that of a
simple list concatenation of p and s with s’s first element removed.

5. near(q, g) : is a function that takes a location q and a network g, re-
turning that network segment (edge) of g that is closest to q; if multiple
segments fit the qualification, one is arbitrarily chosen.

q : IL, g : G ⇒ near(q, g) : IL× IL.

6. projection(q, w) : this function takes a location q and a network seg-
ment w and returns the location of the projection of q onto (the linear
continuation of) w.

q : IL, w : IL× IL ⇒ projection(q, w) : IL.

7. ToFrom(w) : this function takes a network segment w and returns the
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set of its end nodes.

w : IL× IL,⇒ ToFrom(w) : set IL.

8. acptpath(q, r, g) : this function takes two nodes q and r lying on a
network g, and returns the set of traces between them on the network.

q, r : IL, g ∈G ⇒ acptpath(q, r, g) : set ID.

9. dir(q, r) : this function takes two locations q and r and returns the
direction, expressed as counter-clockwise degrees from the horizontal
axis, of the line from q to r.

q, r : IL ⇒ dir(q, r) : IR.

10. speed(p, s) : this function takes two time-stamped positions p and s,
and returns the average speed of an object between p and s.

p, s : IT× IL ⇒ speed(p, s) : IR.

11. acc(p, s, w) : this function takes three time-stamped positions p, s, and
w and returns the acceleration between them

p, s, w : IT× IL ⇒ acc(p, s, w) : IR.

12. interpolate(p, s) : this function takes two time-stamped positions p and
s and returns the function of time that is the linear interpolation of the
trajectory between them. This function only exists if p’s timestamp
falls before that of q.

p, s : IT× IL ⇒ interpolate(p, s) : IT ⇀ IL.

The resulting function’s range is [pt, qt] (see below).

13. intersec(p, s) : this function takes two pairs of time-stamped positions
(p, q) and (s, r) and returns the intersection locations of the linear ex-
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tensions of the segments derived from each pair.

(p, q), (s, r) : (IT× IL)× (IT× IL) ⇒ intersec(p, s) : set IL.

The result of this function is either an empty set (no intersection), a
singleton set providing the intersection point, or a doubleton set giving
two locations that together determine the intersection line.

• Other notations

1. The ith data point of trajectory p, viewed as a time-stamped location

p : IP; 1 ≤ i ≤ len(p) ⇒ p[i] : IT× IL

2. The subsequence of trajectory p, starting at original index k up to and
including index m

p : IP; 1 ≤ k ≤ m ≤ len(p) ⇒ p[k,m] : IP

3. Projection to time

q : IT× IL ⇒ qt : IT

4. Projection to space

q : IT× IL ⇒ qloc : IL



Chapter 3

Handling uncertainty for

moving object data∗

When one admits that nothing is certain one must, I think, also
admit that some things are much more nearly certain than others.

Bertrand Russell (1872 – 1970)

Like databases have in the past, GISes and databases are growing in number and
are often created and maintained to help decision-making. Clearly, any decision is
worth little if it is based on incorrect or inaccurate data. In other words, the data
that is used in any decision-making process needs to be as accurate as possible,
or at least as good as is needed for the specific application, if decisions are to be
valid and indeed usable. So, it is fair to say that quality of raw data used by an
application plays an important role in its success. Any error in raw data might
be propagated and affect the result of further analysis. Therefore, an awareness
regarding the quality of raw data is essential.

Data quality is defined as the combined characteristics of a data set and its
elements and attributes that are important for its proper use [4]. The National In-
stitute of Standards and Technology (NIST) defines positional accuracy, attribute
accuracy, logical consistency, completeness, and lineage as components of data
quality, which together represent forms of accuracy . According to NIST [4], accu-
racy in general is defined as the closeness of results to true values. Consequently,
positional accuracy and attribute accuracy mean closeness of locational informa-
tion and attribute values to true position and true attribute value, respectively.
Due to the importance of time in our work, we identify a separate case for temporal
accuracy. Temporal accuracy means how close recorded and true time values are.

∗
This chapter is partially based on paper published in the book ‘Advances in Spatial Data

Handling’, Proceedings of the joint ISPRS, IGU and CIG Symposium on Geospatial theory,
Processing and Applications (SDH), D. Richardson and P. van Oosterom, (Eds.), Springer-Verlag,
pp. 391–402, 9–12 July 2002, Ottawa, Canada, ISBN 3-540-43802-5.
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Although precision, completeness, and accuracy are often used interchangeably,
there is a clear distinction between the three. Precision is defined is a measure-
ment of the expected standard deviation. Higher the precision, the lower standard
deviation. One should note that having a high precision does not necessarily mean
having high accuracy. On the other hand, completeness is defined as the degree
to which an object and its attributes stored in a system represent the abstract
reality. A spatial data set is logically consistent if it complies with the structural
characteristics of the data model and is compatible with attribute constraints.
Lineage refers to the recorded history of creation and maintenance of data sources
and database.

With data quality arise two important issues, namely, error and uncertainty .
Although these may occasionally be used interchangeably, one should note that in
the context of GIS and spatial databases, there is a clear distinction between the
two. The former indicates that there is some knowledge about the truth and the
differences between that and observations. The latter, however, implies that due
to the lack of such knowledge, observations cannot be truly accepted [5].

In a GIS usage, uncertainty may arise from the very first step of modelling to
the data acquisition, transformation and processing, or using the information [84].
Although modelling, transformation, and data processing may contribute to the
uncertainty and lead to wrong outcomes, most of the erroneous results are due
to error in the raw data [29]. One should note that errors in raw data can be
substantial and that they may be propagated by further processes. On the other
hand, uncertainty has a cost, which means that higher uncertainty leads to less
correctly retrieved information [149] and consequently results in partially or com-
pletely wrong outcomes.

Obviously, error in raw data is accumulated from different sources and research
on uncertainty in spatial databases studies effects of imprecision and incomplete-
ness in the observations, modelling, processes and interpretation of digitally rep-
resented, geo-referenced phenomena [135]. However, in spite of some similarities,
sources of uncertainty are usually application-dependent, because application re-
quirements determine which data acquisition device, modelling, representation,
and processing approaches are used. In many of the applications we have in mind,
object movement appears to be restricted to an underlying network. Therefore,
having both unconstrained and network-constrained moving objects and particu-
larly their locational data uncertainty in mind, the rest of this chapter elaborates
on various sources of uncertainty and different proposed methods to handle them.



3.1. Moving object data and uncertainty 37

3.1 Moving object data and uncertainty

There are numerous factors that affect the accuracy and reliability of moving object
data, which result in differences between the record of an object’s movement and
its actual movement. The main reasons for this inherent imprecision are:

• Despite its continuous nature, an object’s movement data is acquired in a
discrete way.

• Since computer systems do not directly represent continuous phenomena of
arbitrary nature, such phenomena must be represented by means of approx-
imation using finite structures.

• The representation of an object’s movement is affected by the frequency with
which position samples are taken [103].

• Data acquisition devices themselves suffer from various limitations and there-
fore are associated with errors.

• Factors such as data transmission errors, data transmission delays, or a bad
data acquisition environment, e.g., due to adverse weather conditions, may
increase the error in raw data.

• Inappropriate sampling methods, data storage, data representation methods,
and interpolation techniques affect data uncertainty in processing phase.

In typical databases, it is assumed that the data stored in the database does
not change in the reality until an explicit update occurs [149]. However, moving
object databases require an extra layer of interpretation, because of discrete data
that they use to serve their applications. This extra layer is needed to provide
continuous representation of phenomena between two consecutive updates. On the
other hand, a proper update policy is required. One should note that regardless of
the policy used to update the location of moving objects present in the database,
it cannot usually equal the actual location of object. This brings two related
but different concepts, i.e., deviation and uncertainty . The deviation of a moving
object’s location at a certain point in time is the distance between object’s actual
location and its database location at that particular time. On the other hand, the
uncertainty of a moving object’s location at a certain time is the size of the area
in which the object may possibly have been [147].
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An important question here is when the location of a moving object in the
database should be updated. Too few updates lead to ambiguous and possibly
wrong outcomes, while too frequent updates may extensively use up storage space
and higher data acquisition frequency causes more data traffic, and may therefore
be expensive [145]. In 1998, update policies and the imprecision involved in the
database representation of moving object data were discussed by Wolfson et al. In
a first attempt, an update policy called ‘immediate-linear’ was proposed [145], in
which the overall behaviour of the deviation since the last update was the main
factor in deciding when the database should be updated. In this policy, by know-
ing time, location, and speed of a moving object whenever an update occurs, the
database computes the location of the object at any time between two consecutive
updates. However, since the object does neither travel at constant speed nor con-
stant direction between two consecutive updates, its actual location may deviate
from its database location. This deviation is used to determine when an update
should occur. A year later, in follow-up work, the same authors proposed three
update policies, namely ‘speed dead-reckoning (SDR)’, ‘adaptive dead-reckoning
(ADR)’ and ‘disconnection detecting dead-reckoning (DTDR)’, on the basis of a
dead-reckoning policy in which the database is updated whenever the distance be-
tween the actual location of the object and its database location exceeds a given
threshold [147]. The three policies are different in the sense that the given thresh-
old is either fixed for the total time interval during which the object is monitored,
or different for each update being computed using a cost-based approach to min-
imize the total information cost per time unit until the next update. In contrast
to the other policies, in SDR the threshold is fixed for all location updates. For
ADR, the threshold is fixed between each pair of consecutive updates, but it may
change from pair to pair. For DTDR, the threshold decreases as the time interval
between a pair of consecutive updates increases [147]. In 2002, Trajcevski et al.
discussed the issue of uncertain trajectories. An uncertain trajectory is obtained
by associating an uncertainty threshold with each line segment of the trajectory.
For a known path between a given origin and destination, road segments together
with the uncertainty threshold for each segment constitute an ‘agreement’ between
the moving object and the central base station. The agreement specifies that the
object will send an update of its position to the base station if and only if it devi-
ates from its expected location (according to the known path) by an uncertainty
threshold [130, 129].
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In 1999, the issue of representation of uncertainty in the position of moving
object was analyzed by Pfoser & Jensen. They explained how errors associated
with measurement instruments lead to imprecise object data. An object trajectory
was determined by applying an interpolation method. Consequently, the fact
that inherent imprecision of object data may be increased by used Interpolation
technique was discussed. By analyzing these two issues, a technique for estimation
of such errors and accounting for that was proposed [103]. Two main assumptions
in that work were that presumably using GPS only the spatial dimension but not
the time dimension is uncertain and there is no restriction on object movements.

Some efforts were also directed towards accommodating uncertainty in the data
model. Moreira et al. believed that it is necessary to establish relevant operations
to be used in queries and appropriate semantics to interpret them to deal with
inherent uncertainty of moving objects [92]. Therefore, a set of spatio-temporal
operations with semantics that embed uncertainty was proposed. Their so-called
superset and subset semantics are added as prefix or suffix to operations used
in queries to return the set of all candidates that possibly, definitely, or probably
match some predicates. Consequently, three semantics, namely ‘possibly’, ‘surely’,
and ‘probably’ were defined. To estimate the location of an object at any time
instance, they used maximum velocity as a physical constraint on the movement
of objects to limit positional uncertainty of the object. Sistla et al. adapted their
previous FTL query language to accommodate uncertainty by inclusion of two
different semantics for queries, called ‘may’ and ‘must’. The idea behind using
such semantics is that due to the uncertainty about the location of objects at any
point in time, it may be impossible to answer the queries with absolute certainty;
therefore a degree of probability should be used [147]. The answer set of may
contains all the candidates that, considering the inherent uncertainty associated
with object locations, possibly satisfy the query predicate, while the answer set of
must contains the candidates that definitely satisfy the query predicate [122].

Although uncertainty handling has been studied in different phases of data ac-
quisition, modelling and representation, all researchers agree that error associated
with raw data tends be propagated in later stages of data processing and, as a
consequence, partial or completely wrong results may be obtained and the whole
system may fail to perform well. Therefore, to avoid further malfunctioning of the
system, error in raw data should be reduced to the best possible extent. To do so,
over the years, different techniques have been used and have been integrated with
the data acquisition devices to increase the data accuracy.
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Accuracy of collected data strongly depends on the data acquisition technique
in use. As previously mentioned we have assumed receivers are used for data
collection. Therefore, it is important to closely look at satellite-based positioning
techniques for moving objects.

3.1.1 Unconstrained moving objects and uncertainty

Satellite-based positioning techniques form an essential part of spatial information
gathering. In these techniques, a number of satellites transmit radio signals. Re-
quired time for these signals to be received by receivers on the ground is recorded
and, in turn, is used to determine the exact position of the receivers. These
techniques can be used for both unconstrained and network-constrained moving
objects. Depending on the technique used and presence of constraints, different
accuracies are achieved and various methods have been proposed to improve the
accuracy. The determination of moving object data by satellite-based techniques
has various characteristics:

• Single point (absolute) vs. differential (relative) positioning

• Sensor-integrated vs. non-integrated positioning

• Static vs. kinematic positioning

Single point (absolute) vs. differential (relative) positioning

In the single point positioning technique, location of the moving object is deter-
mined using a single receiver. To do so, at least four satellite signals are required.
The distance between a satellite and the moving object is determined and from four
distances four parameters, i.e., latitude, longitude, height, and time, are deduced.

When two (or more) receivers are used, differential techniques can be applied,
which work based on correcting systematic errors at the moving object location
(one receiver) with measured errors at a known position (second receiver). There-
fore, the locational data is determined relative to the location of a fixed receiver or
base station (that is known) whose absolute coordinates are known with high pre-
cision and accuracy. These techniques, which work on the basis of measuring the
location of the object using at least four satellites simultaneously, usually achieve
higher accuracy due to reducing or even eliminating systematic errors, such as
ionospheric delays, tropospheric delays error, and ephemeris deviations that oc-
cur in point-based positioning. Differential techniques involve using the errors



3.1. Moving object data and uncertainty 41

received at the fixed receiver for correcting the computed position of the object.
The assumption is that the object witnesses the same errors. This assumption
is justified since same systematic errors are received at the object position and
the base station. Depending on the application, this can be done in either of the
following ways:

• Post-processing (batch).

This method is a batch process, in which both the object and the base station
must simultaneously record data. In this approach, both fixed receivers
(base stations) and the moving objects being monitored, collect and record
their data from satellites being tracked. This data, later on, is used to
mathematically correct and remove the systematic errors. The corrections
can be made if and only if both moving object and the base station were
receiving signals from the same four satellites [127].

• Real-time processing (on-line).

Systematic errors can also be corrected in a real-time manner. In this case,
the base station plays a less important role in collecting and storing the
data, since computation of errors and transfer of corrections must be carried
out immediately. Transferring the corrections can be accomplished by radio
signal, requiring both the object and base station to have an established
radio link. A disadvantage of this is limitation on distance, as most radio
signals do not operate well beyond 30 km. One solution to this problem
is to use an uplink to a communication satellite. In this case, the object
requires a receiver for tracking its current position as well as a communication
satellite capability for obtaining the corrections that are transferred from the
base station. To provide the same accuracy for a much wider area, satellite
augmentation systems are in use. In this approach, a series of base stations
operate together, across a wide area providing correction data. Depending
on the distance to the nearest base station, position data may be corrected
to different levels of accuracy [127].

One of the reasons that GPS signals did not lead to highly accurate positioning
for the non-military user segment was due to the effect of selective availability (SA);
this was a deliberate signal degradation by the U.S. defence department. With SA
turned on the accuracy of the absolute positioning technique was at best 100 m
horizontally and 156 m vertically at 95% confidence [2]. With SA turned off the
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accuracy of the absolute positioning technique reaches 20 m horizontally and 40 m
vertically at 95% confidence [1]. In comparison, existing differential techniques can
achieve much higher accuracy, however, they are relatively much more expensive.

Sensor integrated vs. non-integrated positioning

Satellite receivers can be thought of as sensors providing discrete time-stamped
positions with a defined sampling interval [40]. However, many moving object ap-
plications require continuous data streams. In general, satellite-based positioning
is not good at providing continuous updates of position in the presence of build-
ings, trees, clouds, or with passing high vehicles which may hinder the signals and
may cause multi-path. In fact, one primary concern is the signal interruption. On
the other hand, the connection between an object and a satellite may be lost due
to shortage of resources or network traffic. Therefore, the integration of multiple
sensors has always been recognized as an essential process to enable continuous
data streams [118]. The most popular sensors are inertial sensors, e.g., gyroscope
accelerometers, but the list also includes dopplometers, altimeters, speedometers,
and odometers [40] to name a few.

The integration of satellite-base positioning with inertial sensors is one of the
commonly used techniques, typically accomplished through use of a Kalman fil-
ter [48]. Kalman filtering is a iterative technique that aims at determining the
parameters of a dynamic system [69], through using both knowledge of the statis-
tical nature of the system’s error and knowledge of the system’s dynamics. This
technique is optimized to produce a minimum error variance [40].

Nevertheless, sensor integration is typically done through associating a satellite
receiver with low-cost dead-reckoning (DR) sensors such as magnetic compasses,
gyroscopes, and odometers. However, in these techniques error is propagated
over time. In addition, they can only operate at times when satellite signals are
sufficiently available. An alternative is to use more expensive inertial sensors,
which do operate better over longer duration of satellite outages but are usually
too costly [118].

Static vs. dynamic (kinematic) positioning

Static positioning is a process by which the moving object has to remain at a point,
continuously recording its position. The longer time the moving object spends to
record its position at that location, the higher accuracy is achieved, since object
position is determined by averaging a number of data points. Usually, the moving
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object has to stay in a position for a minimum of 15 seconds. In this time interval,
it records a number of data points. By averaging these points, the actual position of
the object can be determined. Because of number of data points used to compute
the actual position, static positioning often offers higher accuracy. However, if
not enough satellites are visible or environmental factors, e.g., atmosphere, multi-
path, are affecting the satellite signal, a longer duration may be required. On the
other hand, kinematic positioning is the most productive because a large number
of data points can be measured in little time. The idea behind this technique is
to collect satellite-based positioning data while moving. Depending on the type of
application, or accuracy required, kinematic technique may use a real-time link.
It is most commonly found in transportation applications [127].

3.1.2 Network-constrained moving objects and uncertainty

Although the current accuracy provided by satellite-based positioning may be quite
acceptable for some applications, e.g., tourist information services, many others
require higher accuracy. Car and airplane navigation applications are just two ex-
amples. For the former, according to the Institute of Transportation Engineering
(ITE), the standard lane width is 12 ft (about 3.6 m) [3] and the best accuracy
offered by satellite-based positioning systems at present may result in mapping the
object to the wrong side of the road, or even not on the road at all. For the latter,
the U.S. Department of Transportation has determined that the desired require-
ment for aircraft landing are 4.1 m horizontal and 0.6 m vertical accuracy [127],
which can hardly be provided at the moment.

In addition to methods explained earlier, for network-constrained moving ob-
jects, intelligent approaches can be proposed that aim at improving the accuracy
of raw data obtained from the positioning technology and sensors through the
integration of measurements with additional spatial information contained in a
GIS.

There is no doubt that moving object applications strongly rely on location
data. Locational data is not particularly valuable without an underlying database
that can match the data to actual locations. Since the data about whereabouts
of objects is acquired in a discrete way, the medium via which they move plays
an important role in determining their locations. This stems from the fact that
discrete data requires interpolation and network data can help out in providing
better results. After all the medium may impose restrictions on where objects
go. This fact can be used to narrow down the object’s location. An essential
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assumption that we have made about data is that there is no timing error, while the
location data may have error. This assumption seems to be justified considering
satellite signal receivers as data acquisition devices in our work and given their
accurate clocks.

For network-constrained moving objects, one proposal to reduce the inaccura-
cies associated with the raw data is to apply a so-called snapping technique. The
idea behind such a technique is to replace each location obtained from a receiver
with its ‘most probable’ location on the network. These positions together with
the original time stamps represent new data points on the network, which we call
snapped data points. In other words, whenever the registered position is not on
the network we want to define the correctness by replacing it with a sufficiently
‘close’ location on the network. Different criteria, as explained in the following
section, can be used for achieving this.

One should note that our snapping technique is not identical to snapping as
performed in (GPS) receivers. The latter is opportunistic, only applying on the
latest; the current position. Our technique can look ahead and be better informed.

3.2 Snapping criteria

The purpose of applying a snapping technique is to sufficiently correct the regis-
tered (raw) data to the best possible extent to avoid error propagation in further
processing. We define the following potential criteria as three possible measures
to be used in snapping. However, a closer look at each of them reveals that the
first two criteria fail to perform well enough.

• Distance from the network only,

• Distance from the network and direction of movement,

• Distance from the network and accessability of network segments visited.

3.2.1 Why a distance-based criterion alone does not work

The idea behind using this criterion in a snapping technique is to snap each reg-
istered data point to the ‘closest’ point on the network. Current GIS and spatial
databases have the ability to perform nearest neighbour analysis on points and
consequently, to find for each registered data point the ‘closest’ point on the net-
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work. The network segments on which snapped data points are located form the
‘most probable’ trajectory of the object at hand.

Snapping technique based on this criterion suffers from situations where net-
work segments are densely spaced, as the possibility of having mis-snapped data,
i.e., registered data points that are snapped to network segments on which an
object was actually not, dramatically increases. This is also true when a regis-
tered data point is close to a network node (intersection). Therefore, an additional
procedure is required to identify and possibly correct any wrongly snapped data.

On the other hand, using only distance as a criterion in snapping technique
requires an additional method to define the ‘most probable’ trajectory obtained
from snapped data points. After all, such a trajectory may not be determined from
snapped data points alone as network nodes may also be required. Figure 3.1
illustrates the actual trajectory of an object and result of applying a snapping
technique using distance only criterion.
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Figure 3.1: The nearest neighbour analysis determines the nearest point on the network
for each registered data point. Distance only criterion may wrongly snap registered data
points on network segments, which the object actually did not visit, i.e., P2, P5, P6, and
P9. An additional procedure is required to determine object trajectory from snapped data.
The actual trajectory of the object is illustrated in gray dashed line. Registered data points
in black; snapped data in white.
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3.2.2 Why distance-and-direction-based criteria are not good

enough

An improvement to the previous criterion can be made by considering not only
the distance from the network but also the direction of an object’s travel when
snapping the registered data point. This means that for each registered data
point, the search for the ‘most probable’ point on the network is carried out on
that closest network segment with heading most similar to that of the moving
object. If direction is not directly provided by data acquisition device used, it
should first be calculated using two subsequent time-stamped positions.

The largest potential for error in snapping technique based on these criteria
occurs when changing direction, as in turning a corner. In such a case, it may
happen that neither the segment the object is turning from nor the segment it is
turning to match the object orientation [118]. In these situations, distance will be
given priority, sacrifying the directional match to overcome these cases.

3.2.3 Distance-and-accessability-based criteria

The two previous criteria suffer from the following drawbacks:

1. Due to positional error, the identified ‘closest’ network segment (distance-
wise as well as direction-wise) may not be the segment on which the object
actually was.

2. The closest segment for each registered data point is independently identified
without consideration of results of snapping previous or next registered data
point.

The latter is the more problematic, since the segments visited by an object
should follow a logical order, and therefore, each segment should be accessible
from its successor.

Distance from the network and accessability of network segments visited are
the two criteria that hold promise for correctly snapping moving object data. Our
proposed snapping technique based on these criteria is discussed in the following
section.
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3.3 A snapping technique for moving object data

The key to successfully snap moving object data to an underlying network is to
find a closest sequence of connected segments between first and last registered
data points (preserving their order). To be as general as possible in our proposed
snapping technique, we consider both directed and undirected networks.

3.3.1 Snapping to a directed network

To snap moving object data to a directed network, we propose the following steps:

1. Snap each registered data point to its closest network segment

To do so, a nearest neighbour analysis must be performed. If more than one
closest segment is found, one is arbitrary selected.

2. Associate with each registered data point the identifier of the segment to
which it was snapped

This results in a list of network segments, which we call the assigned segments
list.

3. Check the connectivity of every two consecutive network segments in the
assigned segments list

Two network segments, Rj and Rk (in that order) are connected if one of the
following conditions is met. Here From(R) and To(R) represent start and
end node of a uni-directional segment R, respectively. For a bi-directional
segment R, ToFrom(R) represents the set of both end nodes.

• To(Rj ) ∈ ToFrom(Rk )

End node of uni-directional segment Rj meets one of end nodes of bi-
directional segment Rk.

• ToFrom(Rj ) ∩ ToFrom(Rk ) 6= 0

One of end nodes of bi-directional segment Rj meets one of the end
nodes of bi-directional segment Rk.

• From(Rk ) ∈ ToFrom(Rj )

One of end nodes of bi-directional segment Rj meets start node of uni-
directional segment Rk.
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• To(Rj ) = From(Rk )

End node of uni-directional segment Rj meets start node of uni- direc-
tional segment Rk.

If every two consecutive segments from the assigned segments list are con-
nected, the snapping procedure ends. The assigned segments list will repre-
sent the most probable trajectory of the object at hand. The snapped data
points, in turn, represent the ‘most probable’ locations on the network.

Any two of consecutive segments that fail to meet the connectivity condi-
tions are believed to be part of an unacceptable sequence. The unconnected
segments should be replaced by those that are maintaining the connectivity
of the assigned segments list. How to do so is explained in the following step.

Figure 3.2 illustrates an acceptable and unacceptable sequence of network
segments according to the connectivity rule. It is obvious that point P5 is
incorrectly snapped and is violating the connectivity of network segments
forming the object trajectory.
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Figure 3.2: Unacceptable (B) as well as acceptable (C) network segments according to
connectivity rule for registered data sequence shown in (A)
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4. Replace unconnected segments

One should note that not meeting connectivity conditions only identifies two
segments that are not connected. Of course, incorrect snapping is the cause
of connectivity violation. Either or both segments that do not meet the
connectivity conditions may be responsible for this. It is also possible that
previous or subsequent segments are responsible. Missing data is a reason for
having a unconnected sequence of network segments. As a result, registered
data will not be available for all network segments visited. Nevertheless, the
connectivity of network segments visited should be kept.

An important assumption we have made is that the moving object itself is
able to make its origin and destination known. This implies that the first and
the last segment identifiers in the assigned segments list represent segments
that the object actually visited. This assumption does not mean that the
object had a priori defined plan. It only means that the object can declare
its origin and destination right after its journey was started and right after
its journey was ended, respectively. Therefore, if (Rj ,Rk) pair does not meet
the connectivity rule, Rk is marked as unconnected.

To replace unconnected segments, the assigned segments list is sequentially
starting from the first data point is checked. For each segment marked as
unconnected, a search area between the first immediate connected segment
before that segment, and the first immediate connected segment after that,
is considered. Consequently, we look for all possible connected network seg-
ments in the search area. If the search area contains no sequence of connected
segments, we need to stretch the search area from both side, moving to the
second immediate connected segments before and after the unconnected seg-
ment. In contrast, since far too many such sequences may exist, for instance
due to cycles, an additional strategy is required to eliminate those that are
less desired. Using time stamps of the two registered data points right after
and right before the search area and considering a reasonably high speed
threshold for the moving object at hand, we can determine the maximal
possible distance that the object could have travelled within that period.
Consequently, connected sequences that were found, are examined against
this maximum possible travelled distance to eliminate those that are longer.
Among the rest, the one with the minimal RMSE from the registered data
that were snapped in that search area, is chosen. Among two or more con-
nected sequences of network segments with equal RMSE, one can arbitrarily
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be selected.

After replacing all unconnected segments, steps 1, 2, and 3 are performed on
registered data points that were snapped to unconnected segments. The proce-
dure continues by checking the connectivity conditions for the newly constructed
assigned segments list.

The projection of the raw data points onto the ‘most probable’ network segment
leads to identification of error associated with the data. As seems logical (and
as our experiments of Section 3.4.2 demonstrate), the error is considered to be
homogeneous. This means that error along the segment equals error perpendicular
to the segment on average.

One should note that backward movement is a special cases in an object’s
trajectory, which may result in an unconnected, and consequently unacceptable
sequence of network segments. Since the direction of network segments plays an
important role in connectivity rules described earlier, this snapping technique fails
to correctly snap registered data points in this situation.

An important observation in this snapping technique is that to successfully
snap the moving object data to the underlying network, we often sacrify distance
for direction, direction for distance, or even both just to keep the logical flow of
the data points and connectivity of the visited network segments.

3.3.2 Snapping to an undirected network

Snapping to an undirected network is the same as to a directed network. The only
difference is in the connectivity rules. Two undirected network segments, Rj and
Rk (in that order) are connected if they fulfill the following condition, in which
ToFrom(R) represents the set of end nodes of segment R.

ToFrom(Rj ) ∩ ToFrom(Rk ) 6= 0

Unlike before, backward movement does not cause any problem in this tech-
nique, since the direction of segments visited does not play a role.

The pseudocode for the snapping algorithm to an undirected network is pro-
vided below. The pseudocode for the snapping algorithm to a directed network
is the same, just the connectivity conditions differ. The notations used in the
algorithm have already been described in Section 2.4.1.
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procedure Snapping(p, g)

p ∈ IP

g ∈G

for i ← 1 until len(p) do

assigned seg[i]← near(ploc[i], g)

snapped dataloc[i]← projection(ploc[i], assigned seg[i])

snapped datat[i]← pt[i]

end for

loop: if len(assigned seg) < 2 then

return (snapped data, assigned seg)

else

check ← [ ]

connected← true

for i ← 2 until len(p) do

if (ToFrom(assigned seg [i ]) ∩ ToFrom(assigned seg [i − 1 ]) = 0) then

if i = len(p) then

check[i− 1]← 1

else

check[i]← 1

end if

connected← false

end if

end for

if connected then

return (snapped data, assigned seg)

else

i← 2

flag ← true

while flag do

if check[i] = 1 then

flag ← false

begin index← i− 1

end index← i + 1

while check[end index] = 1 do

end index← end index + 1

end while

end if

i← i + 1

end while

flag ← true
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while flag do

q ← ToFrom(assigned seg[begin index])

r ← ToFrom(assigned seg[end index])

cp← acptpath(q , r , g)

if len(cp) = 0 then

if begin index > 1 then

begin index← begin index− 1

end if

if end index < len(p) then

end index← end index + 1

end if

else

flag ← false

end if

end while

d =∞
for j ← 1 until len(cp) do

total dist← 0

for i ← begin index + 1 until end index− 1 do

correct seg[j, i]← near(ploc[i], cp[j])

correct snap[j, i]← projection(ploc[i], correct seg[j, i])

total dist← total dist + dist(ploc[i], correct seg[j, i])

end for

ave dist←
√

1/(end index− begin index− 2) ∗ total dist

if ave dist ≤ d then

index cp← j

d← ave dist

end if

end for

for i ← begin index + 1 until end index− 1 do

assigned seg[i]← correct seg[index cp, i]

snapped dataloc[i]← correct snap[index cp, i]

end for

end if

end if

go to loop:
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3.4 Comparisons and results

We tested our snapping technique through simulation. The evaluation procedure
started by simulating so-called actual (true) data for both moving object and
network. In the next two sections, the data description and analysis of the results
are discussed.

3.4.1 Data description

For the experiments, object movement was captured in a sequence of 〈oid, x, y, t〉
records, in which (x, y) represents the position of the moving object with iden-
tification oid, at time instant t. A network consists of nodes with geometry and
segments with topology. Triples 〈rid ,ToFrom1 ,ToFrom2 〉 are assumed to be the
main attributes of a network segment. Nodes ToFrom1 and ToFrom2 are the two
nodes forming the segment with identification rid . To cover the more general case,
an undirected network is assumed. Other attributes can be added. The geometry
is stored in the nodes. We assume that the network data is known more accurately
than the moving object data. Actually, no error is assumed to be associated with
the network position.

Ten moving objects were simulated in a way that each moving object was set up
to start from a randomly selected network segment and to continue by maintaining
the connectivity between the consecutive segments. Normally distributed errors of
µ = 0 and σ = 10 m were introduced to locational data to provide the registered
data (this data is assumed to be obtained from a data acquisition device). Various
statistics of our data set are provided in Table 3.1.

stat average standard deviation
duration 00:28:15 00:12:53
displacement 11.99 km 6.11 km
# of data points 209.6 100.74

Table 3.1: Statistics on the ten moving object trajectories used in snapping experiments.

3.4.2 Experimental results

Comparing actual (true) and registered data, the computation of the root mean
square error (RMSE) indicated a 12.62 m error on average in the registered data.
Although the directions of the error vectors differ, this value gives an indication
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about the average size of the error buffers. The procedure continues by applying
our proposed snapping technique based on distance from network and accessability
of network segments. Comparing the registered and the snapped data, the esti-
mated error results in 8.02 m, measured perpendicularly to the segment directions.
Clearly, error in data has been reduced by 36.45% on average.

As previously mentioned, we assumed that the error is homogeneous and there-
fore the error component in the direction of the segment equals that in the perpen-
dicular direction. Our assumption was justified by results of comparing the RMSE
for the snapped data and actual data (which we have only in the simulation). The
comparison resulted in 8.03 m error on average. Figure 3.3 illustrates a comparison
between RMSE of actual, registered and snapped data points for ten trajectories
used in our experiments. From the figure, we can clearly see that error along
the network segments (represented by actual vs. snapped data) almost coincides
with the error perpendicular to the segment (represented by registered vs. snapped
data). The computed µ = 8.2 m and σ = 0.18 m for error along and perpendicular
to the network segments is another indication of having homogeneous error.

Results of the mentioned comparisons are summarized in Table 3.2.

Compared data Error on average
Actual & registered 12.62 m
Actual & snapped 8.02 m
Registered & snapped 8.03 m

Table 3.2: Result of comparison RMSE on average for ten trajectories used in snapping
experiments.

After reducing the uncertainty in the data, different interpolation techniques,
such as spline and linear, can be performed on the snapped data to provide the
moving object’s trajectory. Moving objects can be used to provide valuable in-
formation about the environment through which they pass. Obtaining a faithful
representation of such object movement opens the door to study the patterns and
classes of moving objects, which consequently assist in obtaining more valuable
spatio-temporal information about the environment in which that object is trav-
elling. Accessing such information helps to analyze history of moving objects in
addition to predicting future behaviour of objects. This brings to our attention
the issue of faithful representation of moving object trajectories that is discussed
in the next chapter.
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Figure 3.3: RMSE comparison between actual (true), registered, and snapped data. The
fact that error along the network segment almost coincides with the one perpendicular to
the network segment is an indication of having homogeneous error.

3.5 Lessons learnt and plans ahead

In this chapter different satellite-based positioning techniques were reported and
the issue of error associated with data obtained from positioning devices was dis-
cussed. Since this error may be substantial and it may be propagated by further
processing steps of modelling, data processing, and use of the information, it should
be reduced as much as possible.

Available techniques for reducing such error for unconstrained moving objects
were addressed. Although these techniques can also be used for constrained ob-
jects, the obtained results may not be accurate enough for some (mainly network-
constrained) applications. One proposal to reduce the inaccuracies associated with
raw moving object data is to apply a so-called snapping technique, i.e., a technique
to replace each registered locational data with its ’most probable’ location on the
network. Three snapping criteria, namely, distance from the network, direction
of the moving object, and accessability of network segments forming the moving
object’s trajectory, were discussed as possible measures to be used in a snapping
technique. It was shown that distance only, or even distance and direction are
not good enough to successfully snap the moving object to underlying network.



56 3. Handling uncertainty for moving object data

Therefore, the snapping technique based on distance from the network and access-
ability of network segments, which proves to hold conceptual promise, is proposed.
Experiments show that the proposed technique effectively reduces the error asso-
ciated with raw data. The snapping technique can be followed by determining the
actual trajectory of the object, in which interpolation techniques are used.

We assumed that error only exists in locational data, while it is recommended
to study the timing error as well. Also error in the GIS itself was ignored, while
it needs to be taken into account in future work.

Performing the method on real data is useful to overcome problems were not
addressed.

Moving objects can be used to provide valuable information not only about
themselves but also about the environment through which they pass. To be able
to do this, a faithful representation of the object’s trajectory is needed.



Chapter 4

Faithful trajectory

representation∗

What we have to learn to do, we learn by doing.

Aristotle (384 – 322 BC)

The manipulation of discretely acquired moving object data suffers from data
unavailability between each two consecutive epochs and consequently, any further
computation requires the use of techniques to provide the data when no observation
is available and to determine the historical path, or future locations. To do so,
techniques such as fuzzy logic [97], Bayesian network [114], and hidden Markov
models [106] have been used in robotics and in artificial intelligence. However, in
scenarios more similar to ours, the most often used approach is inter-extrapolation
techniques. Having a data set of time-stamped positions, finding a function that
best represents the whole trajectory using these known values is called spatial
interpolation [77]. The estimation of positions of the moving object outside this
data set is called spatial extrapolation. Obviously, estimates outside the data set
are less reliable and are prone to higher error rates [127]. There are several different
ways to classify spatial interpolation procedures, for instance:

• Point interpolation vs. areal interpolation:

Point interpolation is applied on a given number of spatial data points with
known values, and aims to determine the values at other spatial locations.
Areal interpolation is applied on polygons and grid structures and has been
defined as the transfer of data from one set of areas to another set of over-
lapping, non-hierarchical, areal units [79].

∗
This chapter is partially based on paper published in the Proceedings 3rd IEEE Workshop

on Web and Wireless Geographical Systems (W2GIS 2003) in conjunction with the 4th Inter-
national Conference on Web Information Systems Engineering (WISE), G. Santucci, W. Klas,
M. Bertolotto, C. Calero, L. Baresi, (Eds.), pp. 18–24, 13 December 2003, Rome, Italy, ISBN
0-7695-2103-7.
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• Global vs. local :

Another differentiation among interpolation techniques is the number of data
points that is used. Global interpolation determines a single function which
is applied across the whole data set allowing a change in a single input value
to affect the whole function. It typically provides dominant general trends
and ignores local behaviour. Local interpolation, on the contrary, applies an
algorithm repeatedly to a small number of immediate neighbours causing a
change in an input value to only affect the result within its corresponding
neighbourhood.

• Stochastic vs. deterministic:

Stochastic interpolation incorporates the concept of randomness by using
probability theory, in which the interpolated result is conceptualized as one
of many that might have been observed, all of which could have produced
the known data points. In contrast, deterministic interpolation is used when
there is sufficient knowledge about the surface being modelled.

• Gradual vs. abrupt :

The gradual interpolation method produces smooth interpolated surface and
it is suitable for interpolating data of low local variability. On the other
hand, abrupt interpolation results in sudden changes and it is appropriate
for interpolating data of high local variability or discontinuous data.

As the method of interpolation is entirely dependent on the characteristics of
the moving object, a choice of interpolation technique is important. Since we are
dealing with time-stamped positions, local point interpolations can be used. Some
of the best known point interpolation techniques are splines, polynomials, Fourier
series, and moving average/distance weighted averaging, which in different fields
have proved to be more popular than others.

4.1 Problems in trajectory representation

Most of the previous work on trajectory representation used the simple linear
interpolation technique [10, 137, 87, 103, 123]. Bézier curves or splines [38] have
also often been used to represent the movement of an object. However, none of
these methods seems to be entirely suitable enough to describe movement. There
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are three important reasons why existing trajectory representation techniques are
not accurate and realistic:

1. They work on the basis of defining a single general function to describe the
whole movement. This means that existing techniques have paid no attention
to the fact that a moving object may behave differently at different parts of
its trajectory and consequently, a single representation may not adequately
describe such differences. The bottom line, as we will shortly show, is that
the use of global interpolations to describe a complete movement proves to
be difficult and somewhat unrealistic.

2. Existing techniques have often ignored the fact that the trajectory of a mov-
ing object may be affected by the movement of other moving objects.

3. In network-constrained movement, the medium via which the object is mov-
ing may impose movement restrictions. This has been disregarded in most
interpolation techniques. Objects with free require less parameters to be
taken into account in determining their trajectories. However, various con-
straints at different parts of network, as well as the fact that the object can
only be on the network and nowhere else, introduce multiple factors that for
network-constrained movements should be identified and taken into account
to determine the moving object’s trajectory as accurately as possible.

Figure 4.1 illustrates the importance of the third argument. In this example,
the object is visiting segment R1 and continues its journey to segment R2. The use
of plain interpolation technique results in a trajectory directly connecting points
Pi, Pi+1, Pi+2, and Pi+3. This provides no problem to determine the trajectory
between points Pi, Pi+1, and Pi+2, however, the portion of the determined tra-
jectory between Pi+2 and Pi+3 is practically problematic, since the object cannot
directly reach point Pi+3 without passing through the intersection of the two seg-
ments. This should be taken into account when using interpolation techniques and
the interpolated function should be forced to pass through the intersection node
between R1 and R2, instead of directly connecting data points Pi+2 and Pi+3, and
in so doing ignoring the underlying network. Therefore, in network-constrained
movement, the actual trajectory of the object cannot faithfully be determined
without taken into account the underlying network.

To identify the problem in using plain interpolation techniques for trajectory
determination, analyzing behaviour of these techniques is a must. The major
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Figure 4.1: Effects of underlying network in determining the object’s trajectory in
network-constrained movements. Segments R1 and R2 represent two network segments.
Travelled distance between nodes Pi and Pi+1, nodes Pi+1, and Pi+2, and nodes Pi+2

and Pi+3 are measured along the segments and are represented as di, di+1, and di+2, re-
spectively. Inclusion of network data forces di+2 to pass through intersection of network
segments instead of directly connecting nodes Pi+2 and Pi+3.

problems introduced by linear and spline interpolation, the two most often used
techniques, and solutions to them are explained in the following sections.

4.1.1 Problems introduced by linear interpolation

For a moving object whose trajectory is determined by linear interpolation, a
constant speed between each two consecutive data point is assumed. This does
not cause a major problem if and only if the time interval between samples are short
enough to allow such an assumption. A more severe problem of linear interpolation
is caused by abrupt changes in speed, direction, and acceleration that may happen
at data points. This is particularly problematic since in reality moving object
trajectories do not contain abrupt bends.

To make this more clear, let us consider a simple example, as shown in Fig-
ure 4.2, in which profiles of distance D(t), velocity V(t), and acceleration A(t)
functions of time (t) for a typical movement are given. In this example an object
travels with constant speed, decelerates to stop, waits, accelerates, and travels
again with constant speed.

Using linear interpolation to represent such movement results in functions
shown in Figure 4.3. As previously mentioned, linear interpolation results in piece-
wise constant speed and consequently zero acceleration, which are both not the
case for the mentioned example.
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Figure 4.2: Profiles of distance D(t), velocity V(t) and acceleration A(t) functions rep-
resenting a single moving object. Raw data on whereabouts of the object is represented in
black circles.

4.1.2 Problems introduced by spline interpolation

Although a spline technique leads to a smooth function, and thus, prevents the
abrupt changes of linear interpolation from happening, and though it supports
varying speed, it suffers from unrealistic representation of a moving object trajec-
tory especially where the object undergoes behavioural changes. This unrealistic
representation can be gleaned from Figure 4.4, in which unusual behaviour of ve-
locity and acceleration functions in the period that the object is likely stationary,
i.e., between t′ and t′′, is indicated.

Spline techniques cannot faithfully represent the behaviour of moving objects
during time intervals in which the moving object decelerates, stops, waits, and
accelerates, because of their smoothing effects. Using a spline technique, velocity
is a quadratic function for all time intervals except the first and last. When the
moving object is stationary, the velocity function should be zero. This means that
the velocity function has either two or no solutions, leading to the following cases:
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Figure 4.3: Results of applying linear interpolation on data points shown in Figure 4.2
for the functions D(t), V(t), and A(t).

• Long stay:

Figure 4.5 illustrates the velocity function when it has two solutions between
two consecutive data points Pi and Pi+1. When the object is stationary
for a relatively long period of time, spline interpolation will represent the
object’s movement in a back and forth order to compensate for the waiting
period. This means that the object is thought to be changing its direction
and is moving back- and forward during the waiting, which in practice is
unexpected.

• Short stay:

On the other hand, as a spline is a smoothing function, to maintain the
continuity of the function, it may misrepresent object’s movement during
the waiting. This means it represents a travelled distance while the object
is stationary, as can be seen in Figure 4.6. This case, in which the waiting
time is relatively short, happens when the velocity function has no solution.
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Figure 4.4: Results of applying spline interpolation on data points shown in Figure 4.2

Another important issue that can be deduced from Figures 4.3 and 4.4 is that
most errors in trajectory representation occur at points at which there is an abrupt
change in movement, i.e., in direction, speed, or acceleration. Such abrupt changes
may occur due to approaching obstacles, bends, or turns. Regardless of the reason
for these abrupt changes, the moving object will not follow the same routine pat-
tern of movement as before, and therefore a smooth interpolation function such
as the spline technique or a piece-wise interpolation such as linear interpolation
cannot describe the changes that actually occur.

Based on all these facts, using a single function to describe the whole move-
ment should be avoided. This means that faithful representation of a moving
object trajectory requires a clear distinction between different patterns of move-
ment (states of the trajectory) and consequently, movement in each of these states
should be described by a different function that best suites that portion of the
object’s movement.
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Figure 4.5: Spline technique forces the moving object to move back and forth to compen-
sate relatively long stationary mode. The object starts to decelerate at ti and ultimately
stops at time tj. After being stationary during [tj tj+1], it starts to accelerate till time
ti+1.
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Figure 4.6: Spline technique may misrepresent the moving object velocity for relatively
short stationary mode. As it can be seen from the actual profile of velocity function, shown
in gray, the object is stationary during [tj tj+1]. However, spline technique maintains
its smoothness by representing positive speed and consequently, travelled distance for that
period.
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4.2 How to overcome interpolation disadvantages

In using interpolation techniques, the choice of sampling rate is important. In gen-
eral, the higher the sampling rate, the better. It leads to more data points, and
thus a more faithful representation of the object’s trajectory. However, this has
consequences, e.g., the waste of storage space. To choose an appropriate sampling
rate requires prior knowledge about the object’s behaviour. This is particularly
beneficial when using linear interpolation, since it makes the assumption of con-
stant speed between two consecutive data points more acceptable.

In network-constrained movements, the interpolation function should be de-
fined along the network. This means that all movement restrictions imposed by
the network should be taken into account in the best possible way.

To overcome the problems mentioned for the use of linear and spline techniques,
the following procedure is proposed.

4.2.1 Break point extraction

To address the previously mentioned problems of spline and linear interpolation
and to more realistically represent the object’s trajectory, we need to distinguish
between different states of a trajectory. This is because an object will follow
different patterns in its trajectory. If we identify, when and where their pattern
changes, we can define independent single functions that each best represent a
single pattern. The changes in pattern occur at positions in the trajectory that
we call break points. These are points in which abrupt changes in velocity and
acceleration occur. These break points are in fact the distinction points between
different patterns of movement. Ignoring such points while using interpolation
results in a failure to faithfully represent trajectory at these points. Due to their
importance, break points require special attention, and we need to determine them.
To do so, we propose the following steps:

• Data point grouping

This step is carried out to detect and group consecutive data points that
are apparently belonging to a single movement pattern, i.e., constant speed
(including stationary mode), constant acceleration, constant deceleration.
The overall knowledge about spatial error (uncertainty associated with the
data) derived from the snapping technique (and as explained in Section 3.3)
is used in this step.
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• Function fitting

The aim of this step is to represent different patterns of object’s trajectory
by fitting a function of time through the data points in each detected group.

• Intersecting consecutive functions

To determine the break points, the spatial intersection between functions
representing consecutive patterns are determined. If the intersection points
are found at the entrenous of functions ranges, break points may not be as
accurate as we want to.

Our method aims at using the identified spatial error in the data when de-
termining trajectory. Therefore, before elaborating more on each of the above
mentioned steps, we first explain the error propagation law that is used in our
approach.

Error propagation law

We often have mathematical models representing the output as a function of the
input. Due to the fact that error associated with the input affects the accuracy
of the output and the error can be propagated by the function used, we want
to know the uncertainty of the output, as contained in its variance (σ2). Error
propagation law deals with this issue and as Mikhail et al. note can be formulated
as follows [88]:

“If ãi is a random variable taking many values aik, each of which having a
random error daik, then the variance σ2

ai
of ai is given by

σ2
ai

= lim
m→∞

1
m

m∑
k=1

(daik)2 (4.1)

In a similar manner the covariance of two elements ãi, ãj of a random vector
ã may be defined by

σaiaj
= lim

m→∞

1
m

m∑
k=1

(daik (dajk)2 (4.2)

With these two basic definitions, the propagation of variances and covariances
from one set of random variables ã to another set b̃ can be formulated.
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We let

b̃1 = b1(ã1, ã2, . . . , ãn)
...

...
...

b̃q = bq(ã1, ã2, . . . , ãn)

be a set of q functions relating the variables ã to b̃. To propagate the errors
da1k, da2k, dank into all b̃i, let us first define the partial derivatives

b′ij =
∂bi

∂aj
i = 1, 2, . . . , q j = 1, 2, . . . , n

Thus

db1k = b′11 da1k + b′12 da2k + · · ·+ b′1n dank

...
...

...

dbqk = b′q1 da1k + b′q2 da2k + · · ·+ b′qn dank

or in matrix form

dbk = B′ · dak, (4.3)

where dbk is a q ∗ 1 vector, and dak is a n ∗ 1 vector; B′ is a q ∗n matrix of partial
derivatives which is the same as the Jacobian Jba. Hence, Equation 4.3 may be
written as dbk = Jba · dak.

If we choose the ith and rth elements to represent any two typical elements,
then we have dbik = ji · dak and dbrk = jr · dak, where ji, jr are the ith and rth

rows of J , respectively. Next, we will have

dbik dbrk = ji · dak · (dak)T · jT
r ,

in which (dak)T and jT
r are transpose of (dak) and jr vector. Now let
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Mk = dak · (dak)T =


(da1)2 (da1 da2) . . . (da1 dan)

...
...

...
...

(dan da1) (dan da2) . . . (dan)2


k

then dbik dbrk = ji ·Mk · jT
r . We let k run from 1 to m, take the sum, divide

by m, and take the limit. Therefore, we will have

lim
m→∞

1
m

m∑
k=1

(dbik) (dbrk) = ji

[
lim

m→∞

1
m

m∑
k=1

Mk

]
jT
r (4.4)

In views of the definitions of Equations 4.1 and 4.2, we can conclude that
Equation 4.4 leads to

σbibr = jj · Σaa · jT
r ,

which represents one element on the ith row and rth column of the total covariance
matrix Σbb. By extending this equation, we will have

Σbb = Jba · Σaa · JT
ba, (4.5)

which is known as the error propagation law.”

Data point grouping

To detect consecutive data points likely belonging to the same movement pattern,
speed, direction and acceleration values in consecutive data points must be com-
pared. Since we assume these values are not directly available, these values should
first be computed.

Change in two consecutive direction and speed values can be expressed as

∆θ =
[
−1 1

] [
θi

θi+1

]
= arctan

(
yi+2 − yi+1

xi+2 − xi+1

)
−arctan

(
yi+1 − yi

xi+1 − xi

)
. (4.6)

∆v =
[
−1 1

] [
vi

vi+1

]
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=

√
(yi+2 − yi+1)2 + (xi+2 − xi+1)2

ti+2 − ti+1
−

√
(yi+1 − yi)2 + (xi+1 − xi)2

ti+1 − ti
. (4.7)

If there was no error in the data, ∆θ = 0 and ∆v = 0 would mean a constant
direction and speed, respectively, for the trajectory between the three data points,
which are therefore considered members of the same pattern. However, as data
may be contaminated by error, we need to tolerate variation in direction and speed
difference and introduce a threshold for the determination of patterns. The same
applies for acceleration, as we shortly show. To define such a threshold error
propagation analysis should be performed.

If [−1 1] is denoted as K, in views of the definitions of Equation 4.5, we may
rewrite Equations 4.6 and 4.7 as

σ2
∆θ = K · Σθi,θi+1 ·KT (4.8)

σ2
∆v = K · Σvi,vi+1 ·KT (4.9)

Two determine similarity of direction and speed values, their differences should
be compared against the value obtained from Equations 4.8 and 4.9, which rep-
resent expected uncertainty in the direction and speed, respectively. To define
Σθi,θi+1 and Σvi,vi+1 according to error propagation law we have:

Σθi,θi+1 =

 σ2
θi

σθiθi+1

σθiθi+1 σ2
θi+1

 = Jθ · Σθx,y
· JT

θ , (4.10)

Σvi,vi+1 =

 σ2
vi

σvivi+1

σvivi+1 σ2
vi+1

 = Jv · Σvx,y
· JT

v , (4.11)
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where

Jθ =

 0 ∂θi

∂yi+1

∂θi

∂yi
0 ∂θi

∂xi+1

∂θi

∂xi

∂θi+1
∂yi+2

∂θi+1
∂yi+1

0 ∂θi+1
∂xi+2

∂θi+1
∂xi+1

0

 (4.12)

Jv =

 0 ∂vi

∂yi+1

∂vi

∂yi
0 ∂vi

∂xi+1

∂vi

∂xi
0 ∂vi

∂ti+1

∂vi

∂ti

∂vi+1
∂yi+2

∂vi+1
∂yi+1

0 ∂vi+1
∂xi+2

∂vi+1
∂xi+1

0 ∂vi+1
∂ti+2

∂vi+1
∂ti+1

0

 (4.13)

Σθx,y
=



σ2
yi+2

0 0 0 0 0
0 σ2

yi+1
0 0 0 0

0 0 σ2
yi

0 0 0
0 0 0 σ2

xi+2
0 0

0 0 0 0 σ2
xi+1

0
0 0 0 0 0 σ2

xi


(4.14)

Σvx,y =



σ2
yi+2

0 0 0 0 0 0 0 0
0 σ2

yi+1
0 0 0 0 0 0 0

0 0 σ2
yi

0 0 0 0 0 0
0 0 0 σ2

xi+2
0 0 0 0 0

0 0 0 0 σ2
xi+1

0 0 0 0
0 0 0 0 0 σ2

xi
0 0 0

0 0 0 0 0 0 σ2
ti+2

0 0
0 0 0 0 0 0 0 σ2

ti+1
0

0 0 0 0 0 0 0 0 σ2
ti


(4.15)

In these two covariance matrices, no correlation is assumed. Another assump-
tion we have made is that positional error is homogeneous and time variances for
different data points are equal, which means σl = σyi+2 = σyi+1 = σyi = σxi+2 =
σxi+1 = σxi

and σt = σti
= σti+1 = σti+2 . Error σl is obtained from snapping

technique, as explained in the previous chapter. We have assumed that the timing
error equals zero (σt = 0), however, the formula can accommodate for uncertainty
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in time data. Therefore, we find

Σθx,y =



σ2
l 0 0 0 0 0
0 σ2

l 0 0 0 0
0 0 σ2

l 0 0 0
0 0 0 σ2

l 0 0
0 0 0 0 σ2

l 0
0 0 0 0 0 σ2

l


(4.16)

Σvx,y
=



σ2
l 0 0 0 0 0 0 0 0
0 σ2

l 0 0 0 0 0 0 0
0 0 σ2

l 0 0 0 0 0 0
0 0 0 σ2

l 0 0 0 0 0
0 0 0 0 σ2

l 0 0 0 0
0 0 0 0 0 σ2

l 0 0 0
0 0 0 0 0 0 σ2

t 0 0
0 0 0 0 0 0 0 σ2

t 0
0 0 0 0 0 0 0 0 σ2

t


(4.17)

Next, Equations 4.12 and 4.16 in Equation 4.10, and Equations 4.13 and 4.17
in Equation 4.11 should be substituted. Equations 4.10 and 4.11 in turn are
substituted in Equations 4.8 and 4.9, respectively. Consequently, σ2

∆θ and σ2
∆v

are defined, which in turn are used to determine an appropriate threshold to
group data points based on similar direction and speed values. One should note
that σ2

∆θ and σ2
∆v are not necessarily the thresholds and depending on desired

confidence interval, a ratio of them may be used. A confidence interval is an
interval in which a measurement falls corresponding to a given probability [141].
We have assumed that data about the object at hand is normally distributed.
For a normal distribution, the probability that a measurement s falls within n

standard deviations (nσ) of the mean µ, having 1−α degree of confidence is given
by [141]

P (µ− nσ < s < µ− nσ) = 1− α (4.18)

Choosing n = 1, n = 2, and n = 3 result in 68.2%, 95.4%, and 99.7%, respec-
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tively [72].

A similar procedure should be performed to find a suitable threshold to group
data points based on their acceleration values. By comparing two consecutive
acceleration values derived from four data points Pi, Pi+1, Pi+2, and Pi+3 we
have:

∆a =
[
−1 1

] [
ai

ai+1

]
=

[
−1 1

]  vi+1−vi

ti+2−ti

vi+2−vi+1
ti+3−ti+1



∆a =
[
−1 1

]


√
(yi+2−yi+1)2+(xi+2−xi+1)2

ti+2−ti+1
−
√

(yi+1−yi)
2+(xi+1−xi)

2

ti+1−ti

ti+2−ti

√
(yi+3−yi+2)2+(xi+3−xi+2)2

ti+3−ti+2
−
√

(yi+2−yi+1)2+(xi+2−xi+1)2

ti+2−ti+1
ti+3−ti+1

 (4.19)

Now, we want to define a reasonable threshold for grouping data points based
on similar acceleration. In so doing, if [−1 1] is denoted as K, in views of the
definitions of Equation 4.5, we may rewrite Equation 4.19 as

σ2
∆a = K · Σai,ai+1 ·KT (4.20)

To define Σai,ai+1 according to error propagation law we have:

Σai,ai+1 =

 σ2
ai

σaiai+1

σaiai+1 σ2
ai+1

 = Ja · Σax,y · JT
a , (4.21)

where Ja can derived from extending Equation 4.13 and Σax,y
is represented

in Equation 4.22. Again, no correlation, but homogeneous positional error, and



4.2. How to overcome interpolation disadvantages 73

equal time variances can be assumed.

Σax,y
=



σ2
l 0 0 0 0 0 0 0 0 0 0 0
0 σ2

l 0 0 0 0 0 0 0 0 0 0
0 0 σ2

l 0 0 0 0 0 0 0 0 0
0 0 0 σ2

l 0 0 0 0 0 0 0 0
0 0 0 0 σ2

l 0 0 0 0 0 0 0
0 0 0 0 0 σ2

l 0 0 0 0 0 0
0 0 0 0 0 0 σ2

l 0 0 0 0 0
0 0 0 0 0 0 0 σ2

l 0 0 0 0
0 0 0 0 0 0 0 0 σ2

t 0 0 0
0 0 0 0 0 0 0 0 0 σ2

t 0 0
0 0 0 0 0 0 0 0 0 0 σ2

t 0
0 0 0 0 0 0 0 0 0 0 0 σ2

t



(4.22)

By substituting respective Ja and Equation 4.22 in Equation 4.21, and conse-
quently by substituting Equation 4.21 in Equation 4.20, and considering a desired
degree of confidence, a suitable acceleration threshold is defined.

Now, it is time to group data points with similar patterns. First, we group
them based on their directions. To detect a sequence of points with constant
direction, a procedure of sequence growing is used. In such a procedure, the first
two data points form the initial group and from there on, each potential new point
is compared to its two previous data points. For the three data points combined,
∆θ is computed with Equation 4.6, and is compared to the threshold computed
from Equation 4.8. Based on such a comparison, either the new point is classified
within the group, or is used to start a new group. This results in data point
segments, each of which having constant direction. In each of these segments,
now, we need to identify data points that have constant speed. A sequence growing
procedure is once again used. The first two data points form the initial group and
from there on, each potential new point is compared to its two previous data
points. For the three data points combined, ∆v is computed with Equation 4.7,
and is compared to the threshold computed from Equation 4.9. Based on such a
comparison, either the new point is classified within the group, or is used to start
a new group.

One should note that while a group of points with similar speed (different from
zero) can be classified as a group of similar acceleration (resp., zero acceleration),
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a group of constant acceleration (different from zero) cannot be classified as having
similar speed. Therefore, the groups of constant speed are detected first. Then,
for the rest of the unclassified data points we detect groups of similar acceleration.

To detect the sequence of points with similar acceleration, the same sequence
growing procedure as for detecting constant direction and speed data points can
be used. The only difference is that this time the first three data points form the
initial group and from there on, each point is compared to its three previous data
points. For these four data points, ∆a is computed using Equation 4.19, and is
compared to the threshold computed from Equation 4.20.

Function fitting

After classifying all data points and detecting the groups of constant direction and
speed and those of constant acceleration, simple distance functions can be used to
fit through the data of each group.

To do so, for points belonging to each similar pattern, distance between each
data point and the first data point in the group, along the network as a linear
function of time in the form of d(t) = a + bt will be defined.

Intersecting consecutive functions

After the parameters of the functions have been determined in the previous step, an
intersection of the adjacent functions representing consecutive groups is computed.
Data points that did not fit in any of the groups are considered as outliers. As can
be seen from Figure 4.7, intersecting consecutive functions results in identifying the
break points. These break points are used to define a simple function representing
the portion of the trajectory between two consecutive break points. One should
notice that the adjacent functions may intersect each other at negative velocities.
In these cases, as can clearly be seen from Figure 4.7, an intersection of fitting
functions with the time line, i.e. with v(t) = 0, should be computed.

The pseudocode for the break point extraction algorithm is provided below.
The notations used in the algorithm have already been described in Section 2.4.1.

procedure Breakpoint extraction(p, dir threshold, speed threshold, acc threshold)

p ∈ IP

dir threshold, speed threshold, acc threshold ∈ IR

if len(p) < 2 then

return p

else
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-V 

t 

Figure 4.7: Identifying break points by finding the intersection of adjacent functions
through groups of data points. Black circles, gray circles and dashed arrows represent
original data, break points and the fitting functions, respectively.

j ← 2

k[1]← 1

for i← 1 until len(p)− 2

if |dir(ploc[i], ploc[i + 1])− dir(ploc[i + 1], ploc[i + 2])| > dir threshold then

k[j]← i + 2

i← i + 1

j ← j + 1

end if

end for

k[j]← len(p)

check ← [ ]

check[1]← 1

for j ← 1 until len(k)− 1

for i← k[j] until k[j + 1]− 3

if |speed(p[i], p[i + 1])− speed(p[i + 1], p[i + 2])| > speed threshold then

check[i + 1]← 2

check[i + 2]← 2

end if

end for

check[k[j + 1]]← 1

end for

for i← 1 until len(check)

if check[i] = 2 then

j ← i− 1

while check[i+1] = 2 do

i← i + 1

end while
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m← i− j

flag ← true

while flag ∧m ≥ 3 do

δa← |acc(p[j], p[j + 1], p[j + 2])− acc(p[j + 1], p[j + 2], p[j + 3])|
if δa > acc threshold then

flag ← false

i← j + 3

else

j ← j + 1

end if

check[j + 2]← 2

check[j + 1]← 0

m← m− 1

end while

end if

end for

k ← 1

j ← 1

m← 1

break point[1]← p[1]

for i← 1 until len(check)− 1

if check[i + 1] = 0 then

i← i + 1

else

if check[i + 1] = 1 then

d[k]← interpolate(p[j], p[i])

else

d[k]← interpolate(p[j], p[i + 1])

end if

k ← k + 1

if j > 1 then

if intersec(d[k], d[k − 1]) = 0 then

break point[m]← p[j]

break point[m + 1]← p[i]

m← m + 2

else

break point[m]← intersec(d[k], d[k − 1])

m← m + 1

end if

end if
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j ← i + 1

end if

end for

end if

4.3 Experimental results

The proposed break point extraction method was tested using a simulation tech-
nique. The evaluation procedure starts by simulating so-called true data for both
the moving object and the network. The moving objects were randomly simulated
in the network. Normally distributed errors of µ = 0 and σ = 10 m were intro-
duced to the locational data to provide the registered data. Other statistics of our
data set are provided in Table 3.1.

An important observation is that existing interpolation techniques do not ac-
count for errors or uncertainty measures. On the other hand, our proposed method
requires error measures of the locations along the network. From Section 3.4.2,
we have shown that the error is homogeneous. Therefore, the error along network
segment is assumed to equal the error perpendicular to the segment. This is the
error previously computed in Section 3.3. After detecting the data sequences with
similar characteristics, a least squares polynomial fitting was implemented. Inter-
secting the functions representing the consecutive groups resulted in break point
detection.

Corresponding root mean square errors (RMSE) were computed and were found
to be 7.4 m, 7.8 m, and 1.9 m, for spline interpolation, linear interpolation, and
the break point extraction method, respectively. Positional error resulted from
applying spline interpolation, linear interpolation and the break point extraction
method on three moving objects are shown in Figures 4.8, 4.9, and 4.10.

Comparing the root mean square error values reveals that spline technique and
linear interpolation methods are highly affected by the noise contamination in the
data. As Spline interpolation already performs better than linear interpolation,
to enable a better comparison, much more zoomed views of interpolation error in
spline interpolation and break point extraction method for one of the trajectories
are shown in Figure 4.11.

Another advantage of break point extraction method is that, unlike the spline
method, it deals with each data point individually. Therefore, the time complexity
involved in computations is O(N), where N is the number of data points. Another
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Figure 4.8: Positional error obtained from applying spline interpolation.
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Figure 4.9: Positional error obtained from applying linear interpolation.
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Figure 4.10: Positional error obtained from applying break point extraction technique.

important advantage of our method is its contribution to data compression, as will
be shown in Section 5.4.1.

4.4 Lessons learnt and plans ahead

The use of discretely acquired moving object data requires techniques of data
provision when no observation is available. To do so, interpolation techniques and
in particularly spline and linear interpolations are widely used. However, they fail
to faithfully represent the trajectory of a moving object in many cases. In this
chapter, the important problems of each of these techniques were discussed.

The concept of ‘break points’ was introduced as points along the moving ob-
ject’s trajectory in which an abrupt change in movement seems to occurs. A
method for extracting break points based on data sequence grouping was pre-
sented. Data points that proved to be similar in direction, speed, or acceleration
are added to an a priorily defined sequence. The similarity depends on the un-
certainty in the data, which was defined using an error propagation law. The
procedure also makes use of least squares functional fitting and intersections. Ex-
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Figure 4.11: More zoomed views: (Up) Interpolation error in spline technique, (Bottom)
Interpolation error in break point extraction method.
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periments showed that by applying the break point extraction techniques, a fair
representation of a moving object trajectory can be achieved. On the other hand,
this technique holds conceptual promises for compressing moving object trajecto-
ries.

For network-constrained moving objects, the obtained information about in-
dividual objects may provide overall information about the network itself, which
enables more efficient query analysis. This issue together with data compression
are to be discussed in future work.

More error analysis is recommended including the estimation of the confidence
intervals. Issues such as defining the maximum effective time interval (in other
words, the minimum data for economical reasons) to faithfully represent the object
within tolerance values of space and time, and defining a cost model (in terms of
time) for further spatio-temporal analysis are areas to be addressed in future work
as well.





Chapter 5

Trajectory compression

techniques∗

Not everything that can be counted counts,
and not everything that counts can be counted.

Albert Einstein (1879 – 1955)

Monitoring and analyzing moving objects necessitate the availability of complete
geographical traces to determine locations that objects have had, have, or will
have. Due to the intrinsic limitations of data acquisition and storage devices such
inherently continuous phenomena are acquired and stored (thus, represented) in a
discrete way. Right from the start, we are dealing with approximations of object
trajectories. Intuitively, the more data about the whereabouts of a moving object
is available, the more accurate its true trajectory can be determined. Availability
of data is by no means a problem as the coming years will witness an explosion
of such positional data for all sorts of moving objects. Moreover, there seem
to be few technological barriers to high position sampling rates. However, such
enormous volumes of data lead to storage, transmission, computation, and display
challenges. Hence, there is a definite need for compression techniques for moving
object trajectories.

Perhaps an example could help to better illustrate the essence of an effective
compression technique. Let us assume data for a moving object as a sequence of
〈t, x, y〉, in which x and y represent coordinates of the moving object at time t. If
such data is collected every 10 seconds, a simple calculation shows that 100 Mb of

∗
This chapter is partially based on papers published in (1) The Proceedings 9th International

Conference on Extending Database Technology (EDBT 2004), E. Bertino et al. (Eds.), Lecture
Note of Computer Science Vol. 2992, Springer-Verlag, 14–18 March 2004, Heraklion, Crete,
Greece, pp. 765–782, ISBN 3-540-21200-0 (2) The Proceedings of ISPRS Commission II and IV,
Working Groups II/5, II/6, IV/1 and IV/2 Joint Workshop on Spatial, Temporal and Multi-
dimensional Data Modelling and Analysis, 2–3 October 2003, Quebec city, Canada, 8 Pages
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storage capacity is required to store the data for just over 480 objects for a single
day, barring any data compression. We obviously want to monitor many more
moving objects, and for much longer time periods.

In essence, compression techniques aim at substantial reductions in the amount
of data without serious information loss. Lossless compressions have no informa-
tion loss and are often based on optimizing the information capacity per byte used.
The main shortcoming of lossless compression techniques is their limited amount
of compression. Lossy compressions do suffer from information loss, and are often
based on discarding the least informative data parts.

Previously some work has been done in data compression for GIS. Spatial data
in GIS are stored either in vector or in raster format. Since we are dealing with
vector data, i.e., time-stamped positions, it is appropriate to look into existing
data compression techniques for vector data in GIS. The basic units of vector data
are points, lines, and polygons that are composed of one or more pairs of coor-
dinates. Therefore, compression can be achieved by removing unnecessary details
from them, which in turn results in generalizing the features. Since this type of
compression permanently removes some parts of data, it will be a lossy compres-
sion [95]. Wavelet and Fourier transformations have been used to compress linear
features [60, 105]. While using these transformations, a set of coefficients are used
to represent linear spatial objects. The low frequency coefficients stand for im-
portant characteristics of the object and obviously should be retained. On the
other hand, the high frequency coefficients represent the unimportant details and
may be removed [105]. Both of these approaches do not provide high compression
since their simplification is limited to a certain amount [95]. On the other hand,
research has shown that they suffer from serious problems. For instance, Plazanet
et al. reported that Fourier transformation lacks spatial information, therefore,
it may mis-represent topological relationships. In addition, it does not produce
smooth results, which, in turn, leads to deformation of line curvatures and possibly
shortening the bends by enlargement [105]. Compared to Fourier transformation,
Wavelet transformation often produces much better results. However, it still suf-
fers from location drifts and the shortening of the bends [95].

To compress vector data, an alternative to transformation approach is sim-
plification of linear features through selective elimination of unnecessary vertices.
This approach results in keeping the most critical points in the original representa-
tion of features and only removing the non-critical points [95]. Line simplification
methods are the most often applied compression technique and are widely used
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in commercial GIS software packages [138]. However, in our case, time-stamped
positions data do not form a line even if they are simplified and represented as
line, as they are historically traced points. On the other hand, although data
compression techniques have widely been studied and used in areas dealing with
time series, e.g., data mining, they mainly deal with one-dimensional time series
and are good for short time series and in absence of noise, three characteristics
not met by moving objects.

By targeting applications in which present and past positions of objects are
important, our main focus is on compression of moving object trajectories. The
central theme of this chapter concerns a lossy compression technique for moving
object data streams that attempts to preserve the major characteristics of the orig-
inal trajectory. We, first, apply some older techniques of line generalization, and
compare their performance against algorithms that we have specifically designed
for compressing lengthy streams of time-stamped positions data, i.e., moving ob-
ject trajectories.

5.1 Spatial compression techniques

Object movement is continuous in nature. Acquisition, storage, and processing
technology, however, force us to use discrete representations. Therefore, intu-
itively, the more data about such a continuous phenomenon is available, the better
movement can be understood. However, we cannot ignore storage, representation,
computation and transmission challenges for huge amounts of data.

Our objectives for data compression are:

• to obtain a lasting reduction in data size; i.e., we will not attempt to decom-
press at any point in the future,

• to obtain a data series that still allows various computations at acceptable
(low) complexity; i.e., the data compression should itself not lead to compu-
tational overhead once it has taken place,

• to obtain a data series with known, small margins of error, which are prefer-
ably parametrically adjustable.

The reasons for the last objective are that (i) we know our raw data to al-
ready contain error, (ii) depending on the application, we could permit additional
error, as long as we understand the behaviour of error under settings of the al-
gorithmic parameters. Setting the parameters of a compression algorithm always
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means making a trade-off between the compression rate achieved and the errors
allowed. Trade-off characteristics of different algorithms, as we shall see, differ
tremendously. To achieve these objectives, our interest is with lossy compression
techniques.

Compression algorithms can be classified not only based on wether they permit
information loss but also on other base as well. For instance, they are either batch
or on-line algorithms, based on whether they require the availability of the full
data series. Batch algorithms do so; on-line algorithms do not, and are typically
used to compress data streams in real-time. Batch algorithms consistently result
in higher quality outcomes [75] when compared to on-line algorithms, as is to be
expected. It appears, however, that most moving object applications are inherently
dynamic and thus on-line algorithms seem the more appropriate to use.

Most compression algorithms for data series of the type that we consider here
can be classified into one of the following four classes of computational strategy:

Top-Down : Starting from the whole data series, it is recursively segmented
until some halting condition is met [75].

Bottom-up : Starting from the best representation of the data series, successive
data points are joint together until some halting condition is met. The
algorithm may not visit all data points in sequence.

Sliding Window : Starting from one end of the data series, a window of fixed
size is moved over the data points, and compression takes place only on the
data points inside the window.

Opening Window : Starting from one end of the data series, a data segment,
i.e., a subseries of the data series, is grown until some halting condition is
met. Then, a compression takes place on the data points inside the window.
This will decrease the window size, after which the process is continued. The
‘window’ size is the number of data points under consideration at any one
point during the execution of the algorithm.

We have coined the term ‘opening window’ to do justice to the dynamic nature
of the size of the window in such algorithms.

One should note that to describe the behaviour of data series between each
consecutive data points, interpolation techniques are used. Since we use linear
interpolation, such behaviour is described by the segment connecting each two
consecutive data points.
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Various halting condition can be applied but algorithms do not always support
these conditions in combination. Possible conditions are [75]:

• The number of data points, thus the number of segments, exceeds a user-
defined value.

• The maximum error (max error) for a segment exceeds a user-defined thresh-
old.

• The sum of the errors of all segments (total error) exceeds a user-defined
threshold.

An obvious class of candidate algorithms for our problem are the line general-
ization algorithms. Some of these compression algorithms are very simple and do
not take into account any relationship between neighboring data points. They may
eliminate all data points except some specific ones, e.g., leaving in every ith data
point, where i is a fixed integer based upon the desired degree of compression [128].
Another sort of compression algorithm exploits the characteristics of the neigh-
boring data points to determine whether to eliminate one of them. Particulary,
these algorithms may use the Euclidean distance between two neighbour points.
If it is less than a predefined threshold, one is eliminated. All these algorithms
are sequential in nature, that is they gradually process a line from one end to the
other.

Although these two groups of algorithms are computationally efficient, they
are not so popular or widely used. Their primary disadvantage is due to the
fact that (i) some critical data points may be eliminated or misrepresented, and
(ii) straight lines may be over-represented [31], unless small differences in angle
are used as another discarding condition.

An algorithm to overcome the first limitation was first reported by Lang [78].
In this method, the perpendicular distance from a line connecting the first data
point (the anchor) and the third data point (the float) in the series to an inter-
mediate data point is evaluated against a pre-defined user threshold. As long as
all distances of intermediate data points, i.e., those between anchor and float, are
below a distance threshold, an attempt is made to move the float one point up in
the data series. When the threshold threatens to become exceeded, two strategies
can be applied: either, the intermediate data point with a threshold violation or
the data point just before it becomes the end point of the current segment, and
it also becomes the anchor of the next segment. If no threshold excess would
take place, the float is moved one up the data series, and the method continues,
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until the entire series has been transformed into a piecewise linear approximation.
Jenks basically applied the same idea on every two consecutive points [62]. To
tackle the second disadvantage, he utilized the angular change between each three
consecutive data points [63]. In this method, the angle between the vector con-
necting the first and the third point is calculated. If this angle is greater than a
pre-defined angular threshold, the intermediated point is retained. Otherwise, the
intermediate point is ignored. This algorithm is likely to discard critical points
along the line with small curvature [82].

Regarding halting condition in their approach, Shahriari et al. proposed a
method to avoid applying the same threshold for a whole data series [95]. In this
approach, a user-defined threshold is first defined, and then the proper threshold,
i.e., a value that results in obtaining maximum simplification, while retaining the
original user-defined threshold, is automatically computed for each line in the data
series.

The most important compression algorithms that seem to hold conceptual
promise are reviewed in Sections 5.1.1 and 5.1.2.

5.1.1 Top-down compression algorithms

The idea behind the top-down algorithms is to split the data series at the best
possible position amongst them, i.e., where the committed error is above some
user-defined threshold. The algorithm then continues by recursively segmenting
the resulting subseries until committed error for all segments is below the thresh-
old [75].

An often used and quite famous top-down method is the Douglas-Peucker
(DP) algorithm [31]. It was originally proposed for line simplification, and aims
at preserving directional trends in the approximation line using a pre-defined dis-
tance threshold. McMaster who gives a detailed study of mathematical similarity
measures, ranked the DP algorithm as ‘mathematically superior’ [85] and called
the DP algorithm one of the most geometrically efficient algorithms in processing
sequences of coordinate pairs [86]. White carried out a study on simplification
algorithms on critical points of psychological data series and showed that the DP
algorithm was best at choosing splitting point; she referred to the obtained re-
sults as ‘overwhelming’ [143]. However, Li describes the method as highly time
consuming [82].

The DP algorithm works on the following basis. The first point of the data
series is selected as the anchor point ; the last data point is selected as the float
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point. For all intermediate data points, the (perpendicular) distance to the line
connecting anchor and float points is determined. If the maximum of these dis-
tances is greater than a pre-defined threshold, the line is cut at the data point that
causes that maximum distance. This cut point becomes the new float point for
the first segment, and the anchor point for the second segment. The procedure is
recursively repeated for both segments. The algorithm is illustrated in Figure 5.1.
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Figure 5.1: Top-down Douglas-Peucker algorithm. Original data series of 19 points. In
this case, only the first segment was recursively cut at data points P15, P11, P7 and P3.
Compressed data points were also original data points. Original 19 point trajectory in
dark grey; final compressed trajectory in red. Also indicated are intermediate segments Si

(in pale grey) created during the computation together with the respective distance chords
(dashed, also pale grey) and the threshold violating distance chord, dashed in red. The
first chord resolved is S1, the second S2, et cetera.

The DP algorithm clearly is a batch algorithm, as the whole data series is
needed at the start; the time complexity of the original algorithm is O(N2) with
N denoting the number of data points in the series. Due to its simplicity, different
implementations have been proposed. One such proposal, which succeeded to
reduce the complexity of the method from O(N2) to (Nlog2N) was Hershberger’s
proposal [58], who defined the path hull as a basis for their implementation.

5.1.2 Opening window compression algorithms

In opening window (OW) algorithms the start point of a potential segment is
considered as the anchor point. The algorithm, then, attempts to approximate
the subsequent data series with increasingly longer segments. In other words, the
method starts by defining a segment between a first data point (the anchor) and
the third data point (the float) in the series. As long as all distances of intermediate
data points, i.e., those between anchor and float, are below the distance threshold,
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an attempt is made to move the float one point up in the data series. When the
threshold is going to be exceeded, two strategies can be applied: either,

• the data point causing the threshold violation (Normal Opening Window,
a.k.a. NOW), or

• the data point just before it (Before Opening Window, a.k.a. BOW)

becomes the end point of the current segment, and it also becomes the anchor of
the next segment. If no threshold excess takes place, the float is moved one up
the data series — the window opens further — and the method continues, until
the entire series has been transformed into a piecewise linear approximation. The
results of choosing either strategy are illustrated in Figures 5.2 and 5.3.
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Figure 5.2: Data series compression result of NOW strategy: the threshold excess data
point is the break point. The data series was broken at data points P3, P7, P11 and P15.
For other legend information, see Figure 5.1.
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Figure 5.3: Data series compression result of BOW strategy: the data point just before
the threshold excess data point is the break point. The first window opened up to point
P5 (point P3 causing excess), making point P4 the cut point; second window opened up to
point P10 (point P7 causing excess) with point P9 becoming the cut point etc. For other
legend information, see Figure 5.1.
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An important observation, easily made from Figures 5.2 and 5.3, is that in
OW algorithms the last few data points of the data series might be lost. Without
countermeasures, this may lead to a inadvertent information loss.

Although OW algorithms are computationally expensive, they are popular.
Their popularity comes on the one hand from the fact that they are on-line algo-
rithms, and on the other hand because they can work reasonably well in presence
of noise though only for relatively short data series. The time complexity of these
algorithms is O(N2).

5.2 Spatio-temporal compression techniques

5.2.1 Why line generalizations do not quite apply

We discussed the above algorithms because they are well-known techniques for
generalizing line structures. All of them use perpendicular distance of data points
to a proposed generalized line as the condition to discard or retain that data point.
This is the mechanism at work also when we apply these algorithms to our data
series, the moving object trajectories, viewed as lines in two-dimensional space.

But our trajectories have this important extra dimension, time. Intrinsically,
they are not lines, but historically traced points. As a consequence, the use of
perpendicular distance as condition is at least challenged, and we should look at
more appropriate conditions.

A trajectory is represented as a time series of positions. Generalizing a trajec-
tory means to replace one time series of positions with another one. Like before, we
can measure how effective this generalization is by looking at (a) the compression
rate obtained, and (b) the error committed. Unlike before, the error committed
is no longer measured through (perpendicular) distances between original data
points and the new line, but rather through distances between pairs of temporally
synchronized positions, one on the original and one on the new trajectory. This is
a fundamental change that does justice to the spatio-temporal characteristic of a
moving point trajectory.

5.2.2 Single-parameter class of algorithms

The computational consequence of the above arguments is that the decision of
discarding a data point must be based on its position and timestamp, as well as
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on the approximated position of the object on the new trajectory. This gives a
distance not necessarily perpendicular to the new, approximated, trajectory.
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Figure 5.4: Original data points (open circles), including Pi, the start and end points
Ps and Pe of the approximated trajectory, and Pi’s approximated position P ′

i .

The situation is illustrated in Figure 5.4, in which the original data point Pi

and its approximation P ′i on the new trajectory Ps−Pe are indicated. One should
note that our fundamental working assumption has been that object trajectory
representation has a piecewise linear approximation. Consequently, we do assume
constant speed over the linear piece during the time interval and for any t in the
interval we can compute where the object was. The coordinates of P ′i are calculated
from the simple ratio of two time intervals ∆e and ∆i, indicating respectively travel
time from Ps to Pe (along either trajectory) and from Ps to Pi (along the original
trajectory), respectively. These travel times are determined from the original data,
as timestamp differences. We have

∆e = te − ts

∆i = ti − ts

x′i = xs +
∆i

∆e
(xe − xs) (5.1)

y′i = ys +
∆i

∆e
(ye − ys) (5.2)

After the approximate position P ′i is determined, the next step is to calculate
the distance between it and the original Pi, and use that distance as a discarding
criterion against a user-defined threshold. This is an important improvement not
only because we are using a more accurate distance measure but also because the
temporal factor is now included. The continuous nature of moving objects neces-
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sitates the inclusion of temporal as well as spatial properties of moving objects.
The application of the above distance notion for moving object trajectories,

leads to a class of algorithms that we call here time-ratio algorithms.
Further improvements can be obtained by exploiting other spatiotemporal in-

formation hiding in the time series. Our time-ratio distance measurement was
a first step; a second step can be made by analyzing the derived speeds at sub-
sequent segments of the trajectory, when these are available. A large difference
between the travel speeds of two subsequent segments is another criterion that can
be applied to retain the data point in the middle. For this, we will assume a speed
difference threshold will also have been set, indicating above which speed differ-
ence we will always retain the data point. The application of the speed threshold
notion for moving object trajectories, leads to a class of algorithms that we call
here speed-based algorithms.

Observe that in principle both these concepts allow application in top-down
and opening-window algorithms, as will shortly be shown.

The notations used in following algorithms have already been described in
Section 2.4.1.

A top-down time-ratio algorithm (TD-TR)

We denote our top-down time-ratio algorithm as TD-TR. TD-TR is obtained
from the DP algorithm through application of the time-ratio distance measuring
technique described in Section 5.2.2. The pseudocode for the top-down time-ratio
algorithm is provided below.

procedure TD TR(p, dist threshold)

p ∈ IP

dist threshold ∈ IR

if len(p) ≤ 2 then

return p

else max dist threshold ← 0

found index ← 0

∆e← p[len(p)]t − p[1]t

for i← 2 until len(p)− 1 do

∆i← p[i]t − p[1]t

(x′i, y
′
i)← p[1]loc + (p[e]loc − p[1]loc) ∆i/∆e

if dist(p[i]loc, (x
′
i, y

′
i)) > max dist threshold then
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max dist threshold ← dist(p[i]loc, (x
′
i, y

′
i))

found index ← i

end if

end for

if max dist threshold > dist threshold then

return TD TR(p[1, found index ], dist threshold) ++

TD TR(p[found index , len(p)], dist threshold)

else

return
[
p[1], p[len(p)]

]
end if

end else

A top-down speed-based algorithm (TD-SP)

As mentioned in Section 2.4, since we have assumed speed is not directly avail-
able from data acquisition phase, it is derived when it is needed for computational
purposes. Therefore, two consecutive time-stamped positions are used to calculate
the speed of moving object in that time interval. This is done within our top-down
speed-based algorithm, which is obtained from the DP algorithm through applica-
tion of the speed-based algorithm described in Section 5.2.2. The pseudocode for
the top-down speed-based algorithm is provided below.

procedure TD SP(p, speed threshold)

p ∈ IP

speed threshold ∈ IR

if len(p) ≤ 2 then

return p

else

max speed threshold ← 0

found index ← 0

for i← 2 until len(p)− 1 do

vi−1 ← dist(p[i]loc, p[i− 1]loc) / (p[i]t − p[i− 1]t)

vi ← dist(p[i + 1]loc, p[i]loc) / (p[i + 1]t − p[i]t)

if ‖vi − vi−1‖ > max speed threshold then

max speed threshold ← ‖vi − vi−1‖
found index ← i

end if

end for
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if max speed threshold > speed threshold then

return TD SP(p[1, found index ], speed threshold) ++

TD SP(p[found index , len(p)], speed threshold)

else

return
[
p[1], p[len(p)]

]
end if

end else

An opening-window time-ratio algorithm (OW-TR)

An opening-window algorithm sets the anchor point, and then gradually ‘opens
the window’. In each step, halting conditions are verified. In an opening-window
time-ratio algorithm the halting condition is verified on the synchronous distance
measure (using the time interval ratio).

We denote our opening window time-ratio algorithm as OW-TR. By OW-TR
we mean an opening-window algorithm applying the same time-ratio distance mea-
suring technique described in Section 5.2.2. The pseudocode for the opening-
window time-ratio algorithm is provided below.

procedure OW TR(p,max dist error)

p ∈ IP

max dist error ∈ IR

if len(p) ≤ 2

thenreturn p

else is error ← false

e← 3

while e ≤ len(p) and not is error do

i← 2

while (i < e and not is error) do

∆e← p[e]t − p[1]t

∆i← p[i]t − p[1]t

(x′i, y
′
i)← p[1]loc + (p[e]loc − p[1]loc) ∆i/∆e

if dist(p[i]loc, (x
′
i, y

′
i)) > max dist error

then is error ← true

else i← i + 1

end if

end while

if is error then
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return
[
p[1]

]
++OW TR(p[i, len(p)],max dist error)

end if

e← e + 1

end while

if not is error

then return
[
p[1], p[len(p)]

]
end if

end if

An opening-window speed-based algorithm (OW-SP)

The halting condition in an opening-window speed-based algorithm is based on
difference in speed values between previous and next trajectory segment. These
speeds are not measured speeds, as we do not assume these to be available; rather,
they are speed values derived from timestamps and positions.

The pseudocode for the opening-window speed-based OW-SP algorithm is pro-
vided below.

procedure OW SP(p,max speed error)

p ∈ IP

max speed error ∈ IR

if len(p) ≤ 2

thenreturn p

else is error ← false

e← 3

while e ≤ len(p) and not is error do

i← 2

while (i < e and not is error) do

vi−1 ← dist(p[i]loc, p[i− 1]loc) / (p[i]t − p[i− 1]t)

vi ← dist(p[i + 1]loc, p[i]loc) / (p[i + 1]t − p[i]t)

if ‖vi − vi−1‖ > max speed error

then is error ← true

else i← i + 1

end if

end while

if is error

then return
[
p[1]

]
++OW SP(p[i, len(p)],max speed error)

end if

e← e + 1

end while
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if not is error then return
[
p[1], p[len(p)]

]
end if

end if

5.2.3 Double-parameter class of algorithms

By integrating the concepts of speed difference threshold and the time-ratio dis-
tance discussed in Section 5.2.2, we obtain a new algorithmic approach, that we
call the class of full spatio-temporal algorithms. An important observation is that
in this class of algorithms, we deal with two thresholds and therefore have to make
a choice which one to exploit first. For a top-down approach, this decision means
applying either TD-TR or TD-SP algorithm first, which is then augmented by
the other algorithm. The same applies for an opening-window approach, in which
this decision means applying either OPW-TR or OPW-SP algorithm first and the
other one secondly. As we will shortly see, in Section 5.3.3 the results of the two
may significantly differ.

We call the algorithm obtained from applying TD-TR first and then TD-SP,
TD-TR-SP and the algorithm obtained from applying TD-SP first and then TD-
TR, TD-SP-TR.

5.3 Comparisons and results

To assess their appropriateness and relative performance, both spatial and spa-
tiotemporal compression techniques were tested using real moving object trajec-
tory data. In total, we obtained 10 trajectories through a GPS mounted on a
car, which travelled different roads in urban and rural areas. The data includes
short and lengthy time series; various statistics of our data set are provided in
Table 5.1. The original trajectory data were all time series with elements in the
form of 〈t, x, y〉.

First, for each time series the original data was used to determine its corre-
sponding trajectory. Depending on the trip, each trajectory had its own behaviour,
ranging from being simple and one-directional to more complicated consisting of
several loops, or being bi- or multi-directional. Moving objects like cars are sub-
ject to sudden stops, abrupt changes of direction and multiple visits to the same
location in case of bi- or multi-directional trajectories. Therefore, the type of the
trip may influence the performance of the compression techniques in use. Our
experimentation data set had such non-trivial examples.
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stat average standard deviation
duration 00:32:16 00:14:33
speed 40.85 km/h 12.63 km/h
length 19.95 km 12.84 km
displacement 10.58 km 8.97 km
# of data points 200 100.9

Table 5.1: Statistics on the ten moving object trajectories used in compression experi-
ments.

As already mentioned, in using lossy compression techniques there is always a
trade-off between compression rate achieved and error allowed. In our case, the
optimal compression technique should find a subseries of the original time series
that has a high enough compression and a low enough error. This error notion
is the main tool for evaluating the quality of the compression technique. But the
literature has not paid a lot of attention to explicitly measuring error. Mostly,
attention has been given to the identification of proper heuristics for discarding
data points.

Such heuristics may or may not be proper for compressing moving object tra-
jectories. But since a notion of error committed is highly needed, we introduce an
error formula for moving object trajectory compression in Section 5.3.1.

5.3.1 Error notions

The quality of compression techniques is evaluated by using some notion of er-
ror. Various mathematical measures have been proposed for this error notion, for
instance by [85, 61]. Error notions can be based on different principles: length,
density, angularity and curvilinearity. Some of these notions have been used to
improve the appeal of the approximation of linear features in GIS context.

Distance-based error notions seem less biased towards visual effect. In plain
line generalization, perpendicular distance is the error measure of choice. A sim-
ple method determines all distances of original data points to the approximation
line, and determines their average, but this is sensitive to the actual number of
data points. A method least sensitive to this number essentially determines the
area between original line and approximation. It effectively assumes there were
infinitely many original data points.

How would such an error measure translate to the spatio-temporal case of ob-
ject movement? Applying still perpendicular distances, insensitivity to the number
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of data points can be obtained by considering progressively finer sampling rates,
as illustrated in Figure 5.5a. In this figure, p represents an original trajectory
with five segments, a represents its 1-segment approximation. The ti are equally
spaced time instants. On slower segments (like the first and third), distance chords
become more condensed. For progressively finer sampling rates, this error notion
becomes the sum over segments of weighted areas between original and approxi-
mation. The associated formulas are simple and direct.

(a)

p[t0]
p[t1]

p[t2]

p[t3]

p[t4]
p[t5]

a[t0]

a[t5]

p[t0]
p[t1]

p[t2]

p[t3]

p[t4]
p[t5]

a[t0]

a[t5]

(b)

Figure 5.5: Two error notions for a trajectory p being approximated by a. (a) error mea-
sured at fixed sampling rate as sum of perpendicular distance chords; (b) error measured
at fixed sampling rates as sum of time-synchronous distance chords.

5.3.2 A spatio-temporal error notion

Given an original trajectory (p : IP) and an approximation trajectory (a : IP) of
it, we are interested in finding a measure that expresses without bias how well
the second approximates the first. The plain intuition we have for this is that the
average distance between the original object and the approximation object—both
synchronously travelling along their respective trajectories p and a—during the
time interval of their trajectories is the best measure that one can have. We develop
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the formulas for that average distance. It should be mentioned that Nanni [96] has
also used a similar concept to address spatio-temporal distance measure, though
in a more general setting, and not as an error notion, thus not providing the full
details of our formulas.

We assume that both trajectories (original p and approximation a) are rep-
resented as series of time-stamped positions, which we will interpret as piecewise
linear paths. Given the classes of compression algorithms that we study, we can
also safely assume that the time stamps present in the trajectory a form a sub-
series of those present in the original p. After all, we have obtained that series by
discarding data points in the original, and we never invented new data points, let
alone time stamps. Assume that p has data points numbered from 1 to k.

Following from the above, we can define the average synchronous error α(p, a)
between p and a as a summation of the weighted contributions of all linear segments
in p.

α(p, a) =
∑k−1

i=1 (p[i + 1]t − p[i]t) · α(p[i : i + 1], a)∑k−1
i=1 p[i + 1]t − p[i]t

. (5.3)

We have not defined the function α fully in this way. Equation 5.3 covers the
case that p is a multi-segment trajectory, but not the case that it is a single seg-
ment. We will cover that case through Equation 5.4 below. Do observe, however,
that the denominator of Equation 5.3 can be simplified to p[k]t − p[1]t, the length
of p’s time interval.

Now let us derive the single segment average synchronous error. Let q be a
single segment trajectory, thus defined by only two time-stamped data points.
Observe that the position of an object moving along q is a function of time that
can be expressed in the style of Equations 5.1 and 5.2 as

loc one(q, t) = q[1]loc +
t− q[1]t

q[2]t − q[1]t
(q[2]loc − q[1]loc) for t ∈ [q[1]t, q[2]t].

We generalize this notion of object position for an arbitrary length trajectory p in
the obvious way, such that loc(p, t) : IP → (IT → IL) is a total function such that
for any p, loc(p) is a partial function with domain [p[1]t, p[len(q)]t]. Formally, we
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have

loc(p, t) =

{
p[i]loc if t = p[i]t for some i with 1 ≤ i ≤ len(p)

loc one(p[i : i + 1], t) if t ∈ 〈p[i]t, p[i + 1]t〉.

It is a trivial exercise to show that loc(p) is a continuous function within its domain,
since at the potential discontinuities—the stored time stamps p[i]t—the function
formats coincide value-wise.

With the single segment average synchronous error α(p[i : i + 1], a) we express
the average distance between original and approximate object during the time
interval between indices i and i + 1, for convenience written as [ti, ti+1]. It can be
expressed as

α(p[i : i + 1], a) =
1

ti+1 − ti

∫ ti+1

ti

dist(loc(p, t), loc(a, t)) dt. (5.4)

In our further derivations, differences in coordinate values at time instants ti

and ti+1 between p and a (in that order) will be important. We will denote these
(four) differences, respectively as δxi, δxi+1, δyi and δyi+1. Observe that these are
constants; they are illustrated in Figure 5.6 and are derived from the following
formulas:

δxi = loc(p, ti).x− loc(a, ti).x

δyi = loc(p, ti).y − loc(a, ti).y

δxi+1 = loc(p, ti+1).x− loc(a, ti+1).x

δyi+1 = loc(p, ti+1).y − loc(a, ti+1).y

Since both p and a during the given time interval are represented as straight
segments, the distance formula in Equation 5.4 can be derived as having a well-
known polynomial format:

dist(loc(p, t), loc(p, t)) =
1
c4

√
c1t2 + c2t + c3, where
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c1 = (δxi − δxi+1)2 + (δyi − δyi+1)2

c2 = 2 · ((δxi+1ti − δxiti+1) · (δxi − δxi+1) + (δyi+1ti − δyiti+1) · (δyi − δyi+1))

c3 = (δxi+1ti − δxiti+1)2 + (δyi+1ti − δyiti+1)2 and

c4 = ti+1 − ti .

Using the above results we can rewrite Equation 5.4 to

α(p[i : i + 1], a) =
1

(ti+1 − ti)2

∫ ti+1

ti

√
c1t2 + c2t + c3 dt. (5.5)
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Figure 5.6: Definition of δxi, δxi+1, δyi and δyi+1. Illustrated is the i-th segment of
original path p (at top), between points p[i]loc and p[i + 1]loc, and its approximation
loc(a, ti)–loc(a, ti+1) on trajectory a. Observe that this approximation will be part of an
a-segment, but that its start and end points may or may not coincide with real data points
of a.

The solution to Equation 5.5 depends on the values for the constants ci. We
provide a case analysis, omitting cases that cannot happen due to the structure—
expressed in the equations for constants ci—of the problem.

Case c1 = 0 : This happens when δxi = δxi+1 and δyi = δyi+1. If so, then also
c2 = 0, and the solution to Equation 5.5 is

α(p[i : i + 1], a) =
√

c3

ti+1 − ti
.

The geometric interpretation of this case is simple: equality of δ’s indicates
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that the approximation of this p segment is a vector-translated version of
that segment. The distance is thus constant, and its average over the time
interval equals that constant. We have:

α(p[i : i + 1], a) =
√

δx2
i + δy2

i .

Case (c1 > 0) : This happens when δxi 6= δxi+1 or δyi 6= δyi+1. The solution to
the integral part of Equation 5.5 is non-trivial, and deserves a case analysis
in itself. We have the following cases:

Case c2
2 − 4c1c3 = 0 : In other words, the determinant of the quadratic sub-

formula of Equation 5.5 equals 0. This happens only when δxiδyi+1 =
δxi+1δyi. If so, the solution to Equation 5.5 is

α(p[i : i + 1], a) = 1
(ti+1−ti)2

∣∣∣ 2c1t+c2
4c1

√
c1t2 + c2t + c3

∣∣∣ti+1

ti

.

The geometric interpretation of this case follows from the δ product
equality mentioned above. That equality holds in three different cases.
These cases are not mutually exclusive, but where they are not, the
formulas coincide value-wise.

Case segments share start point : Consequently, we have δxi =
δyi = 0. The above formula simplifies to

α(p[i : i + 1], a) = 1
2

√
δx2

i+1 + δy2
i+1.

Case segments share end point : Consequently, we have δxi+1 =
δyi+1 = 0. The above formula simplifies to

α(p[i : i + 1], a) = 1
2

√
δx2

i + δy2
i .

Case δ ratios respected : This situation is illustrated in Figure 5.7.
It turns out that under the condition of respected δ ratios, the
synchronous distance chords (indicated as grey edges in Figures 5.5
and 5.7) all lie parallel to each other, and this simplifies the related
formulas.

Case c2
2 − 4c1c3 < 0 : The determinant of the quadratic subformula of Equa-
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tion 5.5 is less than 0. This is the general, non-exceptional case. The
resulting formula is:

α(p[i : i + 1], a) = 1
(ti+1−ti)2

|F (t)|ti+1
ti

where

F (t) = 2c1t+c2
4c1

√
c1t2 + c2t + c3 − c2

2−4c1c3
8c1
√

c1
arcsinh

(
2c1t+c2√
4c1c3−c2

2

)
.

aj[t2]

ai[t2]

`

p[t1]
p[t2]

a[t1]

Figure 5.7: The case of respected δ ratios illustrated. The synchronous distance chords
lie parallel to each other. Given original segment p[t1]p[t2] and start of approximation
segment a[t1], any end point ai[t2] of that segment on line ` will cause the δ ratios to
be respected. The end point aj [t2] is a special case of these, as this reverts back to case
(c1 = 0).

5.3.3 Experimental results

As mentioned earlier, all the compression techniques were tested on real data as
summarized in Table 5.1; i.e., ten different trajectories, for fifteen different spatial
threshold values ranging from 30 to 100 m, and three speed difference threshold
values ranging from 5 to 25 m/s. The obtained results for each experiment consist
of error produced and compression rate achieved. We used the time synchronous
error notion derived in Section 5.3.2. It is important to note that the choice of
optimal threshold values is difficult and might differ for various applications.

The first experiment concerned the comparison between conventional top-down
(Normal) DP (NDP) and our top-down time-ratio (TD-TR) algorithm. Figures 5.8
shows the results.

Clearly, the TD-TR algorithm produces much lower errors, while the compres-
sion rate is only slightly lower. An important observation is that both compres-
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Figure 5.8: Comparison between NDP (on left) and TD-TR (on right) algorithms.Colour
bars indicate different settings for distance threshold, ranging from 30 to 100 m. (a) Com-
parison of compression percentages achieved; (b) Comparison of errors committed. Fig-
ures given are averages over ten different, real trajectories.
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sion rate and error monotonically increase with distance threshold, asymptotically
reaching a maximum.

The second experiment concerned the choice of break point in opening win-
dow algorithms; i.e., whether to break at the data point causing threshold excess
(NOW) or at the one just before (BOW). We found that BOW results in higher
compression but worse errors. It can be used in applications where the main con-
cern is compression and one is willing to favour it over error. For most of our
application domains, we aim at lower error and high enough compression rate,
and we will therefore ignore the BOW method for further comparisons. Results of
comparison between BOW and NOW algorithms are shown in Figure 5.9.

One may observe that error in both cases of the NOW and BOW algorithms
suddenly drops at 80 meter threshold. (Similar effects can be found in Fig-
ures 5.10.) This effect is likely only an artifact caused by the small set of tra-
jectories in our experiments. Nevertheless, it shows importance of choosing an
appropriate threshold in opening window algorithms.

In Figure 5.10, we illustrate the findings of a third experiment, comparing our
opening window time-ratio with a normal opening window algorithm. It demon-
strates the superiority of the first (OW-TR) with respect to the latter (NOW)
algorithm. As can be seen, for OW-TR a change in threshold value does not dra-
matically impact error level. Therefore, unlike the NOW algorithm, in which a
choice of threshold is important for the error results, in the OW-TR algorithm
this is not the case. This allows choosing a higher threshold value to improve
compression while not loosing much on error performance.

Our second spatio-temporal algorithm (SP) was applied in both opening win-
dow and top-down fashion. In case of top-down SP (TD-SP), experiments show a
high sensitivity towards speed threshold settings, for error committed. Among the
three speed difference threshold values (5, 15, 25 m/s), only the first value pro-
vided reasonable results, and is therefore included in the comparisons. In opening
window fashion SP (OW-SP) changes in threshold value did not lead to dramatic
changes in the results. Comparing the results of the three speed threshold in OW-
SP algorithm shows that 15 and 25 m/s speed threshold give the best outcomes
in both compression and error and increasing the threshold after 15 m/s do not
improve the results. As can be seen from Figure 5.11, the two OW-SP (15 m/s,
25 m/s) algorithms as well as OW-TR have very similar behaviour in compression
rate, while OW-SP has lower error. On the other hand, choosing a speed differ-
ence threshold of 5 m/s in TD-SP and OW-SP results in improved compression
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Figure 5.9: Comparison between two opening window algorithms, BOW (on left) and
NOW (on right) algorithms. For other legend information, see Figure 5.8.
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Figure 5.10: Comparison between NOW (on left) and OW-TR (on right) algorithms.
For other legend information, see Figure 5.8.
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but higher error in TD-SP.
As mentioned in Section 5.2.3, since there are two thresholds in our spatio-

temporal algorithm, the order in which these thresholds are applied matters. Our
experiments show that the result of applying speed threshold first and then dis-
tance threshold (TD-SP-TR) is better. In comparison between TD-SP-TR and
TD-TR-SP, the former results in lower error committed, while compression rates
achieved are just slightly different. On the other hand, results of TD-TR-SP shows
once again the importance of choosing a right threshold, since slight change in dis-
tance threshold dramatically changes the error committed. Results of these exper-
iments as well as a comparison between conventional DP and our single-parameter
class of algorithms are shown in Figure 5.12. Clearly, TD-TR algorithm outper-
forms all.

As experiments show reasonably high compression rates as well as low errors
for our TD-TR, OW-TR and OW-SP algorithms, they effectively fulfill the require-
ment of good compression techniques. A final comparison between these algorithms
ranks the TD-TR slightly above their counterparts because of better compression
rate and an acceptable error committed. The results of this final comparison are
shown in Figure 5.13.

However, two issues should not be forgotten. One is that TD-TR is a batch
algorithm, while OW-TR and OW-SP are on-line algorithms. Therefore, TD-TR
can be used stand alone. The other issue is that the higher compression rate in
TD-TR is accompanied by slightly higher error. Therefore, depending on data
availability and error allowed, any of the mentioned algorithms can be used.

It clearly shows that algorithms developed with spatiotemporal characteristics
outperform others. One should note that although a noticeable improvement is
made by applying speed threshold only, obtained results are significantly enhanced
by integrating speed as well as time-ratio distance characteristics. Another impor-
tant observation is that the choice of threshold value for TD-TR-SP is crucial, as
it may rank it higher or lower than TD-SP-TD.

5.4 Compression of network-constrained trajec-

tories

Up to here, our technique of data compression was to identify data points that are
not so informative and then to discard them. This makes the trajectory sequence
smaller, and thus more compressed. We continued to work with original data
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Figure 5.12: Comparison between NDP, TD-SP, TD-TR, TD-SP-TR, TD-TR-SP algo-
rithms. For other legend information, see Figure 5.8
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points. Essentially, we tried to find a subsequence of the original sequence that
has a high enough compression and a low enough error. However, in network-
constrained trajectories, it is tempting to derive a technique that invents data
points to add to the sequence so that (i) we still obtain good data compression,
and (ii) lower the error even more. Inclusion of data about the medium of travel
on the one hand and speed and direction in the obtained data on the other hand,
seem to provide more information to facilitate achieving such a goal.

5.4.1 Inclusion of network

Having a network-constrained moving object trajectory in the form of a sequence of
time-stamped positions, performing the following steps will result in compression
of the object trajectory:

• Determine the object’s trajectory on the network:

By applying the snapping technique explained in Section 3.3, the sequence
of network segments visited by the object is identified, which in turn results
in determining the trajectory of the object on the network.

• Determine the position of intersection nodes between visited network seg-
ments as well as time of object transit:

The position of the intersection node, P (Ri;Rj)loc, between network seg-
ments Ri and Rj can easily be found by intersecting the two network seg-
ments. The time at which the object transited this node, P (Ri;Rj)t, can be
determined with the following equation, in which p[i] and p[i+1] represent
the last data point on segment Ri and the first data point on segment Rj :

P (Ri;Rj)t =

dist(p[i]loc, P (Ri;Rj)loc).p[i + 1]t − dist(P (Ri;Rj)loc, p[i + 1]loc).p[i]t
dist(P (Ri;Rj)loc, p[i + 1]loc)− dist(p[i]loc, P (Ri;Rj)loc)

(5.6)

A sequence of time-stamped positions of the first and last data points (origin
and destination of the object) on the trajectory on the network plus the ordered
intermediate intersection nodes results in a compressed trajectory of the object.

This method provides a rather abstract, though, reasonable understanding of a
trajectory and its general behaviour. It performs fairly well on simple trajectories,
i.e., without loops, U-turns, and backward travelling. Figure 5.14 shows principles
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of the explained compression technique, in which the first and the last data points
of the trajectory snapped to the network plus five intersection nodes of network
segments together with their corresponding time-stamps form the compressed tra-
jectory, i.e., Porig, P(R3;R2 , P(R2;R5 , P(R5;R10 , P(R10;R13 , P(R13;R14 , Pdest.
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1

Figure 5.14: Compressing a network-constrained trajectory with help of network data.
Original data points shown in black circles, snapped data points to the network shown in
white circles, and compressed data points shown in gray circles.

In dense networks and networks with short segments, the achieved compression
rate may be enhanced by eliminating intersections at which the direction of the
two intersecting segments do not change dramatically. This can be observed in
Figure 5.14. Since there is no directional change between segments R5 and R10

(which intersect in P(R5;R10)), eliminating this node improves the compression rate
achieved without loosing too much information.

One should note that this method is applied on the data points mapped to
an underlying network rather than on original data points. It also assumes that
the object has constant speed and direction on each segment. Thus, the error
committed may not be so desirable. Nevertheless, it is good for applications that
are more concerned with the compression rate and pay little attention to the error
committed.



5.4. Compression of network-constrained trajectories 115

5.4.2 Inclusion of speed and direction

As explained earlier, since the previous method assumes piece-wise constant speed
and direction for the moving object, it fails to identify and, thus, to represent
the object’s different patterns of movement on each network segment. The direct
consequence of this is to lose information that may be useful (depending on ap-
plication). To avoid information loss as well as to lower the error committed, a
change in speed and direction can be considered. Obviously, speed and direction
data should either be directly available from the data acquisition phase, or like in
our case, be computed during compression.

The idea behind this compression technique is the same as explained for our
break point extraction algorithm explained in Section 4.2.1. This means that
any abrupt change in either direction or speed should be identified and the data
point responsible for this should be kept in the compressed trajectory. Earlier, in
Section 4.2.1, we called such data points break points. Therefore, in this method
a sequence of time-stamped positions of the first and the last data point together
with all intermediate break points form the compressed trajectory of the object.

In principle, since this method is independent of an underlying network, it
can also be applied on data for unconstrained moving objects. However, for con-
strained moving objects it is applied on data points of the object’s trajectory on
the network. The reason for this is to avoid incorporation of the error associated
with the original data in compression. This effect can be clearly seen from Fig-
ure 5.14. For instance, applying the technique on original data results in keeping
both P5 and P6 points, due to the dramatic directional change between the two.
However, these two data points should actually be on the network and the error
associated with them has prevented the method from doing so. Therefore, if this
compression technique is applied once again and this time on the object trajec-
tory on the network, both these data points are disregarded from the compressed
trajectory.

Compared to the previous method, a lower error is expected, while the compres-
sion rate achieved highly depends on the behaviour of the object itself, especially
on each segment.

While integration of these two compression techniques is also possible, one
should be aware of the trade-off between achieved compression rate and informa-
tion loss. Inclusion of both segments’ intersection nodes and break points will
increase expressiveness of the compressed trajectory while at the same time it
decreases the compression rate. Therefore, any compression technique should be
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chosen based on the application requirements.

5.5 Lessons learnt and plans ahead

Existing compression techniques commonly used for line generalization in the GIS
domain or for time-series data in the data mining field are not suitable for moving
object trajectory applications. They are good for short time series and in absence
of noise, which is definitely not the case for moving objects. Another important
reason for their inapplicability is that they operate on the basis of perpendicular
distances. Due to the continuous nature of moving objects, both spatial and
temporal factors should be taken into account compressing their data.

In this chapter, problems of existing compression techniques for moving object
application are addressed. Two spatio-temporal techniques are proposed to over-
come problems for unconstrained moving objects. The quality of the methods was
tested using a new and advanced error notion. The experiments confirm the supe-
riority of the proposed methods to the existing ones. The proposed algorithms are
suitable to be used both in batch and on-line. Obtained results strongly depend
on the chosen threshold values. Choosing a proper threshold is not easy and is
application-dependent. However, having a clear understanding of moving object
behaviour helps in making these choices.

Compression techniques for unconstrained moving objects are applied on data
points that are originally present. Data points that are not so informative are
identified and then discarded. Another strategy has been used for compressing
constrained moving objects data based on inventing new data points to add to the
sequence. Consequently, two compression techniques were proposed on the basis
of inclusion of data about the medium via which object is moving in one hand and
speed and direction in the obtained data on the other hand.

Since, there is always a trade off between compression rate achieved and error
committed (information loss), any compression technique should be chosen based
on the application requirements.

Piecewise linear interpolation was used as the approximation technique. Con-
sidering that other measurements such as momentaneous speed and direction val-
ues are sometimes available, other, more advanced, interpolation techniques and
consequently other error notions can be defined. This issue together with be-
haviour study of moving objects of different nature can be addressed in future
research.



Chapter 6

Similarity notions for

moving object trajectories∗

Many of life’s failures are people who did not realize
how close they were to success when they gave up.

Thomas A. Edison (1847 – 1931)

One of the important motivations for work on (historically traced) object trajecto-
ries is the opportunity to analyze object traffic. Such analysis may lead to insights
important for understanding object behaviour, whether animate or inanimate, as
well as for supporting planning and other forms of decision making.

Object traffic can be defined as the aggregate of individual object movement,
over some period of time. Fundamental in the analysis of object traffic, and
thus, of large amounts of object trajectories, is the capability of pattern detection:
which objects have moved in similar ways? It is this question, under a number of
disguises, that we want to address here.

Moving objects commonly display repeated patterns of movement, the under-
standing of which is often highly useful for planning and management purposes.
A movement may be periodically repeated as in animal migration, commuter traf-
fic, or in shopping. A movement pattern then emerges. Movement may also be
singular, and one-off. Obviously, one would like to separate patterns from one-off
movements; even more, one would like to classify repeated movements in different
classes. Solutions to this problem can be used for various purposes such as traffic
summaries, commuter path commonalities and other questions of trajectory ag-
gregation that take moving object querying to a level above querying individual

∗
This chapter is partially based on papers (1) published in the Proceedings of the 10th ACM

International Symposium on Advances in Geographic Information Systems (ACM-GIS 2002),
Agnès Voisard and Shu-Ching Chen (Eds.), 8–9 November 2002, McLean, VA, USA, pp. 49–54,
ISBN 1-58113-591-2, and (2) “Aggregation of moving object trajectories based on similarity,”
submitted for publication.
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trajectories.
Classification requires a notion of equivalence (where the data is crisp) or sim-

ilarity (where the data has a dimension of vagueness or uncertainty). Standard
database aggregate functions also perform partitions, but these are essentially al-
ways based on notions of equivalence. The fundamental difference here is caused
by the associativity of equality: given some partitioning criterion C, if objects a

and b fall in the same partition, we have C(a) = C(b). If object c is known to
be in there as well, we can infer C(a) = C(c). Similarity, however, is a drifting
characteristic that does not have this associative nature. We have already seen
in Section 4.2.1 the arguments why object trajectories are best handled under a
scheme of similarity. Given a large set of object trajectories, we want to develop
techniques to partition these trajectories into groups, such that each group con-
sists of all and only those trajectories that are similar to each other, under some
definition of similarity. The question remains what constitutes a proper definition
of moving object or trajectory similarity.

Various problems arise when one tries to define this notion. One needs to ask
when two trajectories are sufficiently similar, for the analytic purposes at hand,
to be classified in the same way? The analytic purpose is an important factor as
we will see below. Trajectories may be similar for all of their extent or only for a
part of it; they may approximately coincide in start and end points, yet be largely
dissimilar internally; they may be largely identical spatially but not temporally.
Depending on analytic purpose, the emphasis put on these issues may be different.
In short, it appears that a single notion of similarity does not suffice, and that we
need to select the notion with the purpose in mind.

So what are the dimensions of trajectory similarity? And in which way must
these be reflected in respective definitions? Some of the important issues are listed
here:

• Three important factors play a role: time, space, and space/time. Two
trajectories may be similar on all three factors, or just on a subset of them.

• Trajectories are two- or even three-dimensional data time series.

• Sampling rates vary within a trajectory and differ between them; likewise,
neither clock readings nor positioning will be error-free: the spatio-temporal
data underlying trajectories is inherently uncertain.

• Object movement is monitored for varying periods of time which leads to
unequal monitoring durations and periods for different objects.
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• Shifts in time and/or space should, under certain analytic schemes, not be
a hindrance in co-classifying trajectories.

The majority of research conducted on similarity search is based on finding
patterns similar to a given pattern. Therefore, the problems addressed are

1. how to define similarity between two pattern, here between two data se-
quences, and

2. how to identify the given pattern against which comparisons are made.

The simplest approach is to define the data sequence as a vector and to use Eu-
clidean distance between such vectors as similarity measure. This approach has
been widely used, see for instance [9, 24, 37, 49, 50, 68, 73, 112, 113].

A Euclidean distance technique cannot be easily applied to data sequences of
variable length or, indeed in our case, with varying sampling rate, which are two
typical properties of trajectories. Also, it is believed not to be effective in the
presence of noise in the data, and this is common in spatial time series. On the
other hand, the advantage of using Euclidean distance is that it can be used in
various dimensionality reduction techniques such as Discrete Fourier Transform
(DFT) [9], Single Value Decomposition (SVD) [76, 152, 71], Discrete Wavelet
Transform (DWT) [19, 68], Piece-wise Aggregate Approximation (PAA) [157, 74],
and Adaptive Piece-wise Constant Approximation (APCA) [73]. Nevertheless, all
these techniques appear to be unsuitable for trajectories, because interdependency
among the two dimensions of space in moving object positions carries valuable
information, and is typically lost in dimensionality reduction, when applied on the
two independently [20].

For shape-based similarity search, an interesting approach to represent a time
series using the direction of the sequence at regular time intervals is presented
in [110]. In this work data is represented by a discrete set of alphabet. String-
matching search, then, is utilized to find similar data sequences on the alphabet
set, which in turn, is mapped to the original data. In 2000, Ge and Smyth [47]
presented an alternative approach for searching shape similarity of two sequences
based on probabilistic matching. Their approach addresses the issue of data uncer-
tainty, not covered in any of the previous work, in shaped-based similarity search.
Yanagisawa et al. also addressed shape-based similarity search for trajectories. In
this work the similarity between trajectories is defined as the spatio-temporal dis-
tance between directed discrete lines [153]. However, their defined spatio-temporal
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distance can only be used in the case where compared trajectories have identical
sampling rates.

A recent work that proposes a method to cluster trajectory data is by Gaffney
and Smyth [46]. Their method is a model-based approach that seems to suffer from
a scalability problem. Also, it assumes a model of movement, which is not easy to
determine in real data sets. By extending method presented in [139], Buzan et al.
proposed an approach to find hierarchal clusters of similar trajectories in the video
dataset in 3D. They propose to compute the distance between two time sequences
as a pair of numbers, representing the similarity between the projections of the
two time sequences on the coordinate axes [18].

6.1 Similarity notions

Similarity can be defined on the basis of information that is directly or indirectly
available. As mentioned in Section 2.4, we work on moving object data in its
simplest format, i.e., a trajectory p is of type seq (IT× IL), and thus is a sequence
of time-stamped positions (in 〈time, location〉 format). Since similarity can be
defined with different parameters, it is important to first identify what information
is available from the assumed moving object data. One immediately identifies time
and location information, but this is not all. Since time increases continuously and
linearly, there is an order on the time data, which translates into an order on the
position data. More hidden meaning is present in the data, for instance, the
first (last) data point identifies the origin (destination) of the object. With this
location origin, time origin is another hidden piece of information, and both are
important to consider in ‘shifting’ the trajectory (in time as well as in space).
So far, from a sequence of time-stamped positions, we have identified five direct
or indirect information sources, namely: location, time, order, time origin, and
location origin. Different combinations of these five properties, as we will see
below, result in the definition of different similarity notions.

One perspective on trajectory similarity is via the tree structure, illustrated in
Figure 6.1. It represents similarity semantics that can possibly be defined on the
basis of available information. Some notions are full-fledged spatio-temporal no-
tions, while others are degenerate cases in which some information is intentionally
lost.

Obviously, time data plays an important role in similarity tree classification
and leads to a major split, namely, between spatial, temporal, and spatio-temporal
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similarities.
Location-origin is one factor for further splitting in the tree. When we define

similarity in a location origin-independent way, all recorded (time-stamped) posi-
tions are spatially shifted to the origin of the embedding space, and we are dealing
with relative locations instead of absolute locations. This technique is useful, how-
ever, in applications that are not the focus of this thesis and, thus, we ignore them
here in our further discussion. For similar reasons, we also ignore trajectories that
are reduced to purely temporal data.

Time-origin is another important split factor in the spatio-temporal similar-
ity category. In time origin-dependent similarity, object trajectories need to be
synchronous to be considered similar, while in time origin-independent similar-
ity, object trajectories may be asynchronous, and still be considered similar. A
number of subcases is identified below.

6.2 Generic solution to partitioning trajectories

by similarity

The overall idea to partition a trajectory set P of size N into k classes is derived
from techniques to k-mean clustering in pattern recognition [116, 89]. Our algo-
rithm takes P and k as arguments, and is called generic traj pattern classifier .
Observe that P : set IP.

The algorithm operates on the basis of starting with an arbitrary partition of
trajectories, which is repeatedly adjusted until a halting condition is met. Each
class in a partition is represented by a prototypical (i.e., characteristic) trajectory;
this information is denoted by a function proto traj : [1 . . k] → IP, such that
proto traj (j) is the prototypical trajectory for class j.

All the trajectories in the study set are assigned to a class, and this assignation
is denoted by a function in class : P → [1 . . k], such that in class(p) denotes the
class to which a trajectory p in P has been assigned.

The start partition is a randomly chosen list of k distinct, actual trajecto-
ries randomly taken from the trajectory set P . This is done via the function
random pick , which we do not elaborate on here. (But see Section 6.5.6).

procedure generic traj pattern classifier(P, k)

begin

proto traj [1 ..k ]← random pick(P , k)
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Figure 6.1: A taxonomy of similarity notions in moving object trajectories.
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∀p ∈ P :

in class(p)← µ j ∈ [1 . . k] :

sim(proto traj(j), p) = mini∈[1..k] sim(proto traj(i), p)

changes made ← true

while changes made

do

changes made ← false

∀j ∈ [1 . . k] : proto traj (j)← avg traj(j)

∀p ∈ P :

l← µ j ∈ [1 . . k] : sim(proto traj(j), p) = mini∈[1..k] sim(proto traj(i), p)

if l 6= in class(p)

then

in class(p)← l

changes made ← true

fi

od

end

The generic algorithm cyclically determines a prototypical trajectory for a class
as the average over the trajectories assigned to the class. It subsequently deter-
mines whether trajectories are still assigned to the same class. If not, re-assignation
takes place and another cycle is executed.

The notation µx ∈ X : P (x) stands for the unique value for variable x ∈ X

for which P (x) holds. It is here applied to determine, for a given trajectory p,
the unique class number that has the prototype trajectory closest to p. (In cases
that multiple such indices exist, we arbitrarily pick one of these.) The expression
uses a generic similarity function sim between two trajectories. It can be viewed
as a generalized distance function, with sim(p, q) = 0 denoting full similarity of
trajectories p and q.

The second generic function in the algorithm is avg traj. It is used to de-
termine an average trajectory for a set of trajectories, here indicated by a class
index.

Proper combined choices for sim and avg traj allow the re-use of the algo-
rithm for different definitions of trajectory similarity, hence, for different purposes.
Several cases will be discussed below.
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6.3 Similarity measures for trajectories

What we set out to do in this section is the development of an unbiased measure
that expresses how similar two trajectories are. Such a measure will be an im-
portant tool, as we have seen in Section 6.2, to trajectory clustering, and thus, to
trajectory grouping.

Similarity of trajectories falls into three different classes:

Temporal similarity in which trajectories are viewed as time intervals, indicat-
ing trajectory existence only;

Spatial similarity in which trajectories are viewed as directed multi-lines only;

Spatio-temporal similarity in which the temporal and spatial dimension are
both considered when comparing trajectories.

All three classes are useful for trajectory analysis, and in usage contexts of explo-
ration should probably be used in combination. Spatial similarity allows to test
for likeness in shape; temporal similarity allows to test for synchronicity. In this
section, we focus especially on spatio-temporal measures of similarity, for reasons
similar to those that were discussed in Section 5.3.1.

Any of our similarity measures is essentially an extended average distance mea-
sure, expressing what is, on average over the time spanning both trajectory dura-
tions, the distance between the (moving) objects. This measure is an extension of
the formula we derived in Section 5.3.2, specifically Formula 5.3. We first review
and comment on that formula.

The formula defines α(p, a) as the average synchronous error between a(n orig-
inal) trajectory p and a(n approximation) trajectory a. This case is somewhat
specific, since by the approximation method involved, which only removes data
points from p to obtain a eventually, we know that

• the two trajectories span the same time interval, and

• any time stamp in a also occurs in p.

These conditions are not met, obviously, for two arbitrary trajectories p and a that
are otherwise unrelated.

Since we would like to use Formula 5.3 still, we need to scrutinize its use for
more general purposes, and this is what this section attempts to do. We will
in fact develop two such measures of similarity, one of which is based on time
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interval intersection, and another that is based on time interval union. These two
measures will address both problems mentioned above. They will be full spatio-
temporal measures, as they respect the time stamps registered.

Another class of similarity measures that we will consider subsequently are
degraded spatio-temporal measures, as we are intentionally shifting or scaling time
axes with them.

6.3.1 Supporting trajectory operators

To describe an operator for temporal interval intersection or temporal interval
union of two trajectories, we need to define six simple operators first.

Temporal projection The first is the temporal projection of a trajectory, de-
noted by πt. This operator is of type IP → seq IT. Its definition is:

∀p : IP | πt(p) =
[
p[1]t, . . . , p[len(p)]t

]
.

This states that the temporal projection of a trajectory p results in the (ordered)
list of its time stamps.

Temporal interleaving The second operator is a temporal interleaving opera-
tor, denoted by ιt. It is of type seq IT× seq IT → seq IT, and this infix operator is
defined as follows:

∀a, b : seq IT | a ιt b = c,

where c meets the following two conditions:

• ran c = ran a ∪ ran b, and

• ∀ 0 < i < len(c)
∣∣ c[i] < c[i + 1] .

The first condition states that all members of the lists a and b occur in the list c,
and that c has no other elements. (A list can be conveniently viewed as a function
from its index domain to its member domain; ran denotes the range of a function,
so here it is the set of actual list members.) The second condition enforces the
correct sequence amongst members of the list of time stamps.
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Temporal enrichment The third operator in this discussion is the temporal
enrichment of a trajectory, denoted as an infix operator ρt. It is of type IP ×
seq IT → IP, and operates on a trajectory p and a time stamp series a, and results
in a new trajectory q, with the following characteristics:

• All original time-stamped positions of p are retained in q,

• For every time stamp t in a, a position loc(p, t) (on p) is determined with the
method defined below, and the time-stamped position (t, loc(p, t)) is included
in q, in proper sequence. The position loc(p, t) is determined as follows:

loc(p, t) =


p[1]loc if t < p[1]t,

p[i]loc +
t−p[i]t

p[i+1]t−p[i]t

(p[i + 1]loc − p[i]loc) if ∃i|p[i]t ≤ t < p[i + 1]t,

p[len(p)]loc if t ≥ p[len(p)]t,

• No duplicate time-stamped positions are included in q.

The effect of this definition is that (p ρt a) is a proper trajectory that is a tempo-
rally densified version of trajectory p. Moreover, if the time range of a stretched
beyond (before and/or after) that of p, the result is similarly stretched, conserva-
tively in the position, meaning that the object is considered to be stationary in its
start (respectively, end) position.

Temporal restriction The fourth operator here is the temporal restriction, or
time slice, operator on trajectories. We denote it by τt; this operator is of type
IP× IT× IT → IP. Informally, its semantics is such that τt(p, t1, t2) is a trajectory
identical to p within the time interval [t1, t2], but with all other time-stamped
locations lost. This typically means we obtain a trajectory with a reduced spatial
extent. The result of this operator is potentially an empty trajectory, when the
time interval falls outside of p’s lifespan. The temporal restriction operator τt has
the following characteristics, when invoked for τt(p, t1, t2):

• if t2 < t1, the result is undefined.

• if t2 < p[1]t or p[len(p)]t < t1, the result is the empty trajectory [ ].

• otherwise, let q = p ρt [t1, t2] and the result is

q
[
(µ i : IN | q[i]t = t1), (µ i : IN | q[i]t = t2)

]
,
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i.e., the subsequence of q over the indicated time slice. See our notational
conventions in Section 2.4.1.

The above operators do not extend or restrict existing trajectories, leaving at
least some of their data points intact. The two operators below affect the time axis
of their trajectory argument, and change the time stamps of all the trajectory’s
data points.

Temporal shifting Another operator useful for our discussion is the time shift
operator δt. When used as p δt d, it expresses a trajectory obtained from trajec-
tory p by adding a constant time lag d to all of p’s time stamps. Its definition is
simple:

∀p : IP
∣∣ p δt d =

[
(p[1]t + d, p[1]loc), . . . , (p[len(p)]t + d, p[len(p)]loc)

]
.

Temporal scaling A final operator on trajectories is one that allows to scale the
underlying time axis. When we write pφtc, we denote a trajectory obtained from p

by scaling with constant factor c the temporal distances between p’s time stamps.
The definition of this operator uses p’s first time stamp as temporal origin:

∀p : IP
∣∣ p φt d =

[
(p[1]t + c(p[1]t − p[1]t), p[1]loc),
(p[1]t + c(p[2]t − p[1]t), p[2]loc), . . . ,
(p[1]t + c(p[len(p)]t − p[1]t), p[len(p)]loc)

]
.

6.3.2 Interval intersection trajectory similarity

One perspective on comparing trajectories is to look at the time interval during
which both objects’ positions have been time-stamped, and compare them over
that interval. This leads us to the interval intersection trajectory similarity (iits)
of two trajectories p and q.

We define iits(p, q) as the average (spatio-temporal) distance of the objects,
over the period of their co-existence. If the two did not co-exist at all, we pick a
prohibitively high value K for iits(p, q), indicating that the two trajectories are
entirely dissimilar, under this measure.
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In the definition, we use the following short-hands:

s = max
(
p[1]t, q[1]t

)
e = min

(
p[len(p)]t, q[len(q)]t

)
p′ = τt(p, s, e)

q′ = τt(q, s, e)

Here, s and e are defined such that [s, e] is the time interval of co-existence, if
it exists at all. The trajectories p′ and q′ are versions of p and q, temporally
restricted to the interval.

We can now define iits as follows:

∀p, q : IP | iits(p, q) =

{
K if s > e

α(p′ ρt πt(q′), q′) otherwise

The function α is as given by Equation 5.3. The similarity measure is defined to
equal the average (spatio-temporal) distance during the interval of co-existence.
The attentive reader may observe that q′ as the second argument to α above
is slightly unexpected: for reasons of symmetry, one may have expected to see
q′ ρt πt(p′) as the second argument. This would actually have been correct as well,
but since α is not a symmetric function, it suffices to temporally enrich only the
left hand argument (with time stamps from the right hand argument). A simple
and a realistic semantics of interval intersection of two trajectories are illustrated
in Figures 6.2 and Figures 6.3.

6.3.3 Interval union trajectory similarity

Another perspective on trajectory similarity compares two trajectories p and q for
the (smallest) time interval that covers both trajectories existence intervals. This
will lead us here to the similarity notion of interval union trajectory similarity,
denoted as iuts of p and q.

To obtain an appropriate definition, we need to make assumptions on the
whereabouts of an object outside of its trajectory’s interval of existence. We will
assume conservatively that an object is at its starting position any time before its
first time stamp, and analogously, that it is at its final position any time after its
last time stamp.
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t4
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t7
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t0 t1
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t6

Figure 6.2: Interval intersection semantics for trajectories p and q. The first has as in-
terval [t1, t7], the second [t0, t6]. The similarity measure iits(p, q) is therefore determined
for the interval [t1, t6]. Intuitively, it equals the average length of the distance chords, of
which a number is also shown. This is a simple, atypical, example as within the intersec-
tion interval, p and q’s time stamps are identical. Time stamps ti and ti+1 are always
one time unit apart; distance chords have been drawn at 50 per time unit, so their density
is indicative of relative object speed (denser means slower).
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Figure 6.3: A more realistic example of interval intersection semantics for trajectories
p and q, in which many of q’s time stamps do not coincide with those of p. Along the
p trajectory are also indicated in grey the time stamps from q with which p has been
enriched, according to the definition of interval intersection semantics.
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We can proceed as before, and use the following short-hands:

s = min
(
p[1]t, q[1]t

)
e = max

(
p[len(p)]t, q[len(q)]t

)
q′ = q ρt [s, e]

Here, s and e are defined such that [s, e] is the minimal time interval that covers
both trajectories’ existence. The trajectory q′ is a version of q, temporally enriched
by this interval. There is no need for p′ in the case of iuts.

We can now define iuts as follows:

∀p, q : IP | iuts(p, q) = α
(
p ρt πt(q′), q′

)
Both iits and iuts measures are full spatio-temporal similarity measures for

trajectory comparison. They respect the time-stamped positions completely. In
the next sections, we look at a number of measures in which we allow ourselves
to discard some (temporal) information. A simple and a realistic semantics of
interval union of two trajectories are illustrated in Figures 6.4 and Figures 6.5.

p
t1
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t6
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t6

Figure 6.4: Interval union semantics for the trajectories p and q of Figure 6.2. Trajectory
p has as interval [t1, t7], q has [t0, t6]. The similarity measure iuts(p, q) is therefore
determined for the interval [t0, t7]. This measure differs from iits in that the the object
is considered to be stationary at start (end) point before (after) the time interval of its
trajectory, and that position is used in the measure as well. In this example, the difference
between iits and iuts is only slight, because there is substantial temporal overlap between
p and q.
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Figure 6.5: A more realistic example of interval union semantics for trajectories p and
q of Figure 6.3.

6.3.4 Time-shifted trajectory similarity

There exist applications of trajectory comparison in which the absolute values of
time stamps are less important but the, relative, travel time is still relevant. One
such class of applications will attempt to group trajectories with similar spatial
extent, similar duration, but different absolute timing, allowing to identify objects
that show the same movement, modulo a somewhat constant time difference. For
such cases, one may want to compare two trajectories by first optimizing in one
way or other on their temporal overlap, followed by a search for similarity. In
combination, we call these techniques time-shifted similarity computations, as they
imply a shift along the time axis of at least one, and usually one, of the two
trajectories.

Various approaches of time shifting seem to be possible; we mention five of
them, of which we define three constructively.

Start-shifted trajectory similarity In start-shifted similarity (ssts), we map
the start time of one moving object q onto that of the other, p, and correct for
this shift in all time stamps of q. This allows us to pretend the two objects started
moving at the same time, and compare their trajectories on the basis of that
premise. This technique is appropriate for searches of moving objects with similar
origins.

The technique can take two definitions, ssts ii and ssts iu, depending on
whether one wants to use interval intersection or interval union semantics to the
time-shifted trajectories. For ssts ii similarity, the definition is :
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∀p, q : IP | ssts ii(p, q) = iits
(
p, q δt (p[1]t − q[1]t)

)
Observe that due to the time shift provided, one will not end up in the case of

ssts ii similarity equalling big K. The use of this measure leads to comparisons
of the two trajectories only for the interval of the trajectory with the shorter
duration.

Alternatively, one may opt for using interval union semantics, leading to ssts iu.
Its definition is entirely analogous to the one given above for ssts ii , with iits being
replaced by iuts. The use of the ssts iu measure leads to comparisons of the two
trajectories for the interval of the trajectory with the longer duration. Figures 6.6
and 6.7 illustrate the semantic of start-shifted similarities for two trajectories in
interval intersection and interval union, respectively.

p
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t4

t5

t6
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t0→1 t1→2

t2→3

t3→4

t4→5

t5→6

t6→7

Figure 6.6: Start-shifted comparison of the trajectories p and q of Figure 6.2. In this case,
the interval and union semantics coincide, as p and q have identical interval durations.
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t0→1 t1.2→2.2

t2.3→3.3
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t4.1→5.1
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t6→7

Figure 6.7: Start-shifted comparison of the trajectories p and q of Figure 6.3.
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End-shifted trajectory similarity There is little new under the sun with this
measure, as it is so akin to start-shifted similarity. Its application, however, is
somewhat different as it emphasizes more the similarity in arrival at destination.

Again, we can apply interval intersection or interval union semantics. We
provide here the definition of the first, being ests ii , and leave the latter, ests iu,
for the reader.

∀p, q : IP | ests ii(p, q) = iits
(
p, q δt (p[len(p)]t − q[len(q)]t)

)
Mid-shifted trajectory similarity Although applications of this measure are
slightly less easy to perceive, one might also consider a temporal shift of one of the
trajectories’ midpoints to that of the other. The technique is essentially identical
to those introduced above, but now the formula for time lag d is more involved.
To shift q’s midpoint to that of p, one should set d to

p[1]t + p[len(p)]t − q[1]t − q[len(q)]t
2

.

As before, interval intersection or interval union semantics can be applied.

Cycle-shifted trajectory similarity In situations in which regular, periodic
movements by objects are suspected, one may want to perform time shifting of a
cyclic nature. An obvious example is the analysis of commuter traffic, the data of
which is accumulated over multiple days. The formulas for cycle-shifted trajectory
analysis are easily written up, using the mod operator on the time domain. They
do, however, rely on an a priori assumption of the cycle duration, and they do not
allow to identify the cycle duration itself, other than by means of trial-and-error.

Cycle-shifting can be combined with other similarity techniques such as interval
intersection and interval union semantics.

Optimally shifted trajectory similarity A final, both interesting and chal-
lenging, idea for temporal shifting, is to determine the time lag d for shifting q

in such a way that the similarity between p and the optimally time-shifted q is
maximal. At present, we do not know of a computational technique that would
determine d unequivocally. No obvious brute-force technique is readily available
either, and we haven’t invested in heuristics-based techniques yet.

Time-shifted similarity looks for object trajectories that are similar in space
and in time duration, but are allowed to be dissimilar in absolute clock time.



134 6. Similarity notions for moving object trajectories

Above, we have defined a number of measures that do just this. Below, we relax
one more characteristic of moving object trajectories, namely time duration. The
resulting measure is still spatio-temporal, though of a rather liberal kind.

6.3.5 Time-scaled trajectory similarity

In time-scaled trajectory similarity, which in our notation is denoted by tsts, we
look at trajectories even more liberally, and discard, possibly systematic, average
speed differences. This can be achieved in various ways, but a choice between
them does not affect the outcome of the measure we define here. Our technique
first scales q’s time axis so that the resulting trajectory has the same duration as
that of p, and subsequently start-shifts that trajectory to trajectory p. Based on
the above information, the measure is defined as:

∀p, q : IP | tsts(p, q) = ssts ii
(
p, q φt

p[len(p)]t−p[1]t
q[len(q)]t−q[1]t

)
This version of the definition uses interval intersection semantics. Reasoning

by analogy, one would think that a version using union semantics would also exist.
It does indeed, but its semantics is identical to that of the version above. The
reason is that time scaling removes the difference in trajectory duration. For
similar reasons, we need not look at definition versions with end-shifted trajectory
measures.

6.4 Averaging over trajectories

In Section 6.2, we discussed a generic algorithm for partitioning a set of trajec-
tories on the basis of similarity. It is generic because it makes use of two generic
(unspecified) functions: sim and avg traj. In the long Section 6.3, we provided
various possibilities to instantiate the generic function sim.

In this section, we are providing possible instantiations of the other generic
function, avg traj, the function that determines an average trajectory for a col-
lection of trajectories. In the algorithm of Section 6.2, this function had a single
natural number j as argument, which indicated a class, hence a set, of trajectories.
Without loss of generality, we will assume in this section that the single argument
of any instantiation of avg traj is in fact a set of trajectories P . Observe that
P : set IP.

Below, we look at a rigorous approach to trajectory averaging. Much of this
section intentionally has an organization that mirrors that of Section 6.3. The rea-
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son is that the similarity measures defined there must be paired with appropriate
averaging techniques; hence the one-one correspondence.

6.5 Averaging with computational rigour

The problem we address in this section is the computation of an ‘average trajec-
tory’ from a given set P of trajectories. In line with the discussions above, there
exist two natural techniques to do this. They are natural because they fit with
our two temporal interval semantics: intersection and union.

A technicality of averaging over sets is always that its members cannot be
identical. One may opt to go one of two ways: instead of working with sets to
work with lists, or to assume that set members are distinguished by some identifier.
This is essentially almost the same idea. In the paragraphs below, we assume set
members are distinguished.

6.5.1 Some additional notation

To define our operators of trajectory averaging properly, we require a few more
notational conventions and definitions. They are in fact generalized versions of
the support operators of Section 6.3.1.

Generalized temporal projection Where πt(p) is the temporal projection of
trajectory p to its list of time stamps, if P is a set of trajectories, we denote by
πt(P ) the set of lists of time stamps obtained from members of P :

∀P : set IP | πt(P ) =
{

πt(p)
∣∣ p ∈ P

}
.

Generalized temporal interleaving Where a ιt b denotes the temporal in-
terleaving of time stamp sequences a and b, its generalized version ιt is of type
set seq IT → seq IT, and is defined as follows:

∀A : set seq IT | ιt (A) = c,

where c meets the following two conditions:

• ran c = ∪a∈A ran a, and

• ∀ 0 < i < len(c)
∣∣ c[i] < c[i + 1] .
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Generalized temporal restriction We have seen that τt(p, s, e) is of type IP
and that it denotes the temporal restriction of trajectory p to time interval [s, e].
Its definition involves temporal enrichment with [s, e], if those time instants were
not already present in p.

We can generalize temporal restriction to a set of trajectories P in a straight-
forward way:

τt(P, s, e) =
{

τt(pi, s, e)
∣∣ pi ∈ P

}
Centroid For positional averaging, we also require a function

γ : (set IP)× IT → IL

that determines the centroid from a set of paths and a time stamp. It is defined
as follows:

∀P : set IP, t : IT
∣∣ γ(P, t) =

(
avg(p∈P ) loc(p, t).x, avg(p∈P ) loc(p, t).y

)
.

This is a partial definition only, since loc(p, t) is not always defined, but we
will ensure that it is applied only in cases defined.

6.5.2 Averaging over interval intersections

The principal idea of interval intersection averaging over a set of trajectories P =
{ pi } is to determine an average trajectory only for the temporal interval in which
all trajectories pi co-exist. That interval is easily determined as [s, e], where

s = maxpi∈P

(
pi[1]t

)
,

e = minpi∈P

(
pi[len(pi)]t

)
,

P ′ = τt(P, s, e) , and

I = ιt(πt(P ′)) .

We are including in this short-hand list also P ′, which is the trajectory set obtained
from p by generalized temporal restriction to [s, e], and I, which is the interleaving
of all time stamps obtained from trajectories in P ′.

Assuming for now that this [s, e] is a valid temporal interval. The averaging
operator is avg ii and it is of type set IP → IP. Its definition is:
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∀P : set IP
∣∣ avg ii(P ) =[ (

I[1], γ(P ′, I[1])
)
, . . . ,

(
I[len(I)], γ(P ′, I[len(I)])

) ]
.

Some comments are in order here. The resulting average trajectory has as many
time-stamped positions as there are time stamps in the interleaving sequence I,
thus, in the trajectories of P after they have been restricted to the intersection
interval. For each time stamp u in the interleaving, the formula dictates to deter-
mine for each trajectory p ∈ P ′ its position at that time, which are then averaged
over. Averaging with interval intersection semantics is illustrated in Figure 6.8.
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Figure 6.8: Averaging with interval intersection semantics. Here, three trajectories p,
q and r, respectively on the intervals [t1, t7], [t0, t6] and [t0, t8], are averaged over. The
resulting average trajectory is shown in grey: grey dots indicate average positions for t1
up to t6.

6.5.3 Averaging over interval unions

There is substantial analogy if one wants to perform an average over the generalized
union of the intervals of a set of trajectories, instead of over their generalized
intersection. We define

s = minpi∈P

(
pi[1]t

)
, and

e = maxpi∈P

(
pi[len(pi)]t

)
,

and can leave the other parts of the definition of avg ii intact to obtain the defini-
tion of avg iu. Averaging with interval union semantics is illustrated in Figure 6.9.
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Figure 6.9: Averaging with interval union semantics. Here, three trajectories p, q and r,
respectively on the intervals [t1, t7], [t0, t6] and [t0, t8], are averaged over. The resulting
average trajectory is shown in grey: grey dots indicate average positions for t0 up to t8.

6.5.4 Averaging over time-shifted trajectories

Time-shifted trajectory averaging, like the related similarity measures, can be
based on interval intersection or interval union semantics. This is true for start-
shifted and end-shifted techniques, as well as any other. A technicality that arises
with time shifting, is that in the (binary) similarity measure, we typically shifted
the second trajectory to the first. In averaging, we operate on sets of trajectories, so
there is no ‘first trajectory’ or chosen trajectory to shift to. Luckily, the semantics
of averaging and time shifting are such that it does not matter where we shift to,
as long as we shift all trajectories in the same way. We will systematically start-
and end-shift to t = 0.

Start-shifting The definitions of trajectory averaging, avg ss ii and avg ss iu
respectively, are simple applications of the functions defined above:

∀P : set IP
∣∣ avg ss ii(P ) = avg ii

(
{ p δt (−p[1]t) | p ∈ P }

)
,

and for the definition of avg ss iu the used function avg ii is simply replaced by
avg iu.

End-shifting Again, there is pure analogy here, as we shift each trajectory now
by its last time stamp, not its first:

∀P : set IP
∣∣ avg es ii(P ) = avg ii

(
{ p δt (−p[len(p)]t) | p ∈ P }

)
.

The definition of avg es iu again uses avg iu.
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6.5.5 Averaging over time-scaled trajectories

Recall that time-scaling effectively results in start-shifting and temporally scaling
the involved trajectories to the same interval duration. We already covered the
issue of start-shifting a complete set of trajectories to a common temporal origin.
An equivalent action must be taken for obtaining a common interval duration.
Luckily, the semantics of scaling, similarity and averaging are such that the dura-
tion of choice (say C) is immaterial for the average trajectory determined, modulo
its interval duration, which will equal C, obviously.

This leads us to the following:

∀P : set IP
∣∣ avg ts(P ) = avg ii

(
{ (pφt

C
p[len(p)]t−p[1]t

)δt(−p[1]t) | p ∈ P }
)

The definition is based on an arbitrary choice for constant C. Time-scaled trajec-
tory averaging involves, for each trajectory p in the argument set P , a scaling of
p’s duration to C, achieved by the φt operator above, and then a time shift to the
temporal origin, achieved by δt.

6.5.6 Discussion of applicability

We discuss applications of the various measures and averaging techniques in Sec-
tion 6.7. But some comments can be made at this stage from an analysis of the
developed techniques and formulas.

The measures and functions above were developed from a perspective of sup-
porting the analysis of large sets of moving object trajectories. Such applications
typically do not pose real-time requirements, and this is appropriate, given their
computational complexity. It is expected that the usefulness of the developed
techniques will be most prominent in off-line analytic situations.

A thorough analysis of computational complexity of the algorithms involved
was not carried out. It is well-known from the field of data mining that the popular
k-means clustering technique, of which our algorithm generic traj pattern classifier
on page 121 is a special form, has a polynomial complexity O(Nkai), where N is
the number of objects to be partitioned, k is the number of clusters to be identi-
fied, a is the number of object attributes to be considered, and i is the number of
iterations needed for the algorithm to converge [15].

The problem with moving object clustering is that a is variable: our trajec-
tories have a variable number of (sampling) data points, each of which has three
characteristics: time stamp and position. Thus, a is invariably high, because the
trajectory sequence will typically be long. In fact, the factor a is most prominent



140 6. Similarity notions for moving object trajectories

in the definitions of our similarity measures and averaging functions. The time
complexity of the latter require deeper study, but an initial, conservative estimate
is that most of our support operators are O(a)—temporal restriction appears to
be implementable in O(log a)—and our similarity measures appear to be typically
O(a2) because of the application of function α. The averaging functions appear
to be O(Na2).

Another factor of influence is the number of iterations required to reach con-
vergence. It is not known a priori; some approaches have tried to optimize it by
proper bootstrapping [16]. We have not looked into such techniques, but it is
obvious that spatial indices may help to dramatically improve bootstrap values,
as they will allow a proper spatial spread of the initial trajectories. Depending on
combined choice of similarity measure and averaging algorithm, different spatial
spreads are required.

A different and fundamental problem, which arises from our definitions, hides
in the partiality of our function (avg ii, see Section 6.5.2) for averaging trajec-
tories with interval intersection semantics. The temporal interval [s, e] may not
exist, and thus, an average trajectory may be impossible to determine. This is
particularly awkward in the unconstrained case in which we do not have a priori
knowledge about the set of trajectories that is the argument to the function. In
more constrained cases, like application of the function on a set of time-shifted or
time-scaled trajectories, the problem is decidedly less grave, as the interval will
exist in such cases.

Caution must be taken therefore to apply avg ii on unconstrained trajectory
sets. A computational solution, though more a fix, would be to define the result
of the application of the function, in case of a non-existing intersection interval, to
be a degenerate single data point trajectory that is spatially remote of any data
point included in the analysed trajectories. However, such a ‘solution’ seems to be
potentially detrimental to the overall convergence of our generic algorithm. Indeed,
one obvious case where application of avg ii in generic traj pattern classifier will
cause problems is if the trajectory set p does not contain at least k trajectories
that in combination span the complete time range of all trajectories combined. A
proper assignation of all trajectories to k classes is then unsatisfiable.
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6.6 Optimization issues

Experiments with the above algorithmics are underway at the moment of writing,
and will be used for a forthcoming paper. They are based on a simulation applica-
tion for urban traffic, which generates moving object trajectory test data. These
experiments are meant to improve our understanding of the practical consequences
of the techniques proposed here.

In the near future, attention will be paid to optimizing the techniques, espe-
cially when the data is being operated on in a (spatial) database context. We
believe that the requirements for proper trajectory support on a SDBMS, in the
light of this chapter, are (a) low level support for sequence operators, and (b) sup-
port for higher-dimensional spatial indexing, specifically applicable to trajectories.
The first is needed to implement our support operators, which are heavily used
in the functions above. The second may help in filtering trajectories for the class
assignation step of our generic algorithm: this may dramatically improve the clus-
tering technique.

The computationally rigourous approach that is proposed above may lead to
solutions with high computational complexity. We have also considered the appli-
cation of heuristics to:

• bootstrapping initial trajectories (see the random pick operator in our over-
all algorithm,

• (given a trajectory) determining the most similar trajectory amongst k known
trajectories, by using spatiotemporal bounding box characterizations, and

• faster determination of a representative (average) trajectory for a class of
trajectories, involving directed hulls.

The general problem with such approaches is that the introduction of heuristic
rules may lead to a loss of convergence of the overall algorithm.

6.7 Applications

The ability to satisfactorily partition trajectories take from a large set is beneficial
to numerous applications. Throughout our work, we have had urban traffic as an
important example and focus. Here we briefly discuss how each of our similarity
measures, defined earlier in Section 6.3, can find application in this setting. It
needs to emphasized, however, that moving objects are not only agents in urban
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traffic, and that other applications of the techniques here proposed do exist. One
may think of analysis of migration patterns in wild animals, shopping behaviour
in supermarkets, and other locations such as airports where people congregate.

Interval intersection trajectory similarity Interval intersection semantics
emphasize ‘co-existence in co-presence’ and allows to identify objects that shared
part of their path synchronously for part of their travel time.

Traffic bottleneck analysis and rush hour analysis are obvious applications of
this similarity measure, since people who take similar paths at the same time
are likely facing traffic jams. Trend analysis can also be mentioned as another
application of this similarity measure.

Interval union trajectory similarity Interval union semantics take a more
complete temporal view of trajectories, and are thus more suited to be applied
in analysis cases looking for overall trajectory similarity. It will allow to conduct
origin/destination studies more properly.

Commuter traffic analysis, specifically distinguishing day-shift commuters from
night-shift commuters, is an application of this similarity measure.

Time-shifted trajectory similarity With time shifts, we relax the condition
of synchronicity of the objects involved. As a consequence, we can aggregate
traffic over time, and this leads to proper support of studying the use of space
by traffic categories. Time shifts without time scaling still do justice to object
categories with different average speeds, allowing for instance to tell the cars from
the pedestrians. Start-shifted and end-shifted similarity have different semantics
with obvious application differences.

Transportation means analysis is an obvious application for this similarity mea-
sure, as it aims at identifying how people travel and distinguishes between various
transportation means, i.e., bicycle, car, or bus. We can also mention an application
for car pooling analysis here.

Time-scaled trajectory similarity When we apply time scaling, we are im-
plicitly using time shifting as well, and so the arguments of the previous section
apply here. But with time scaling, we are removing any factor of average speed,
and thus we aggregate at a more coarse grain level. By example, we will no longer
distinguish cars from pedestrians: their difference in speed is no longer an obstacle
for co-clustering. The main emphasis is on the list of visited locations.
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Sharing transportation means is an example application that will benefit from
this type of similarity measure. One interest in this application is clearly on iden-
tifying people who can provide a ride to another. Various scenarios can be defined.
General traffic flow analysis is another application of this type of similarity mea-
sure.

6.8 Lessons learnt and plans ahead

Trajectories may be similar for all of their extent or only for a part of it. They
may also approximately coincide in start and end points, yet be largely dissimilar
internally; they may be largely identical spatially but not temporally. Therefore,
a single notion of similarity does not suffice, and that we need to select the notion
with various purposes in mind.

In this chapter various similarity notions were defined, which in turn were used
for classification and partitioning trajectories. To achieve this, a generic solution
was proposed.

Defining an average trajectory is an important requirement for the generic
solution to be fully operational. Therefore, averaging with computational rigour
was discussed.

Various optimization issues to enhance the performance of the generic solution,
as well as the applicability of the solution were explained.





Chapter 7

What was done and what to

do next

It is wiser to find out than to suppose.

Mark Twain (1835 – 1910)

Thanks to recent advances in positioning technologies, which have made small,
cheap, and reasonably accurate receivers publicly available, it has become possible
to collect data about whereabouts of moving objects easily, i.e., objects whose
positions continuously change. Availability of data together with performance
enhancement of computing devices, growth of the Internet and global wireless net-
work infrastructure, and rapid advances in hardware technology of personal mobile
devices have introduced new scenarios in the GIS and database field collectively
called mobility.

Despite of all the previous work on GIS and databases, situations in which the
whereabouts of objects are constantly monitored and stored for future analysis are
an important class of problems that present-day database users will find hard to
tackle satisfactorily with their systems. This stems from the fact that the current
databases are at their best good in handling static situations, a property which
definitely is not met by the mobility concept. The concept of mobility brings whole
new sets of requirements, challenges, and applications; its potential is endless.

7.1 Brief summary of this thesis

Continuous progress in science and technology has made existence of mobility sce-
narios possible and has facilitated proving its related services. The applications
that benefit from the mobility concept are manifold. However, there is a long
way to go to actually design and implement these applications, due to a variety
of challenges involved. This necessitates research in the field of moving objects.



146 7. What was done and what to do next

Chapter 1 describes the motivations behind this research and discusses important
problems of the moving object world. The chapter also explains that in addition to
general problematic issues of moving objects that hold for all related applications,
there are some other issues that are application-dependent. Obviously, the more
problems are solved provides the more successful applications can be built. It is,
however, not possible to address all the identified difficulties of the moving object
domain in a single work. Therefore, the chapter reports on four fundamental issues,
namely, handling uncertainty for moving object data, faithful trajectory represen-
tation, trajectory compression techniques, and similarity measures for trajectories,
as central items to be addressed.

The evolution of data models that incorporate space and time are described
in Chapter 2. It provides a time line on how various attempts in modeling space
and time independently failed to model continuous change and how long it took
to be realized that these two concepts should be integrated and corporate in one
single data model. The capabilities and problems of each integrated data model
are pointed out as well. Also, the chapter gives an overview of various data ac-
quisition methods and techniques used to collect data about moving objects. The
importance of this discussion is that each of these methods provides both differ-
ent data types and data accuracy. A proper understanding about moving object
application and its requirements is a must in selecting the right data acquisition
methods and devices. The rest of the chapter sets up the framework, in which
the research is conducted by explaining fundamental assumptions that were made,
tools (i.e., data model and data acquisition methods) that were utilized, and like
wise, notations.

Chapter 3 addresses data quality and accuracy of the data that is required
in moving object applications. Although in any application uncertainty may arise
from the very first step of data modelling, and remain until the last operation of the
decision-making process, most erroneous results are due to error in the raw data.
Furthermore, since errors in raw data can be substantial and that they may be
propagated by further processes, it should be reduced to the best possible extent.
Having satellite-based positioning in mind, as the data acquisition technology, the
chapter describes the currently available strategies to enhance accuracy of the data.
Although these techniques effectively reduce the error, result may still not still be
satisfactory for some applications. Car and airplane navigation applications are
just two applications here. As the chapter explains, at the best accuracy offered by
satellite-based positioning systems at present may result in mapping the data to
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the wrong side of the road, or even not on the road at all. When technology fails to
further improve of the data, more intelligent techniques are needed to achieve this.
The chapter reports on our proposed snapping technique, which works through the
integration of measurements with additional spatial information contained in the
GIS. The idea behind this techniques is to replace each location data obtained
from a receiver with its ‘most probable’ location on the network. Distance from
the network and accessability of network segments visited prove to be the key to
successfully snap the registered data to the underlying network. The experimental
results show significant reduction of error associated with raw data.

Objects movement is a continuous phenomenon. However, the corresponding
data is acquired in discrete ways. Therefore, the problem of unavailability of data
between two consecutive registered data points exists. Since most, if not all, mov-
ing object applications work around central questions of where, when, and what,
which involve location, time and object, respectively, to answer these questions a
faithful determination of moving object trajectories is a requirement. To do so,
linear and spline interpolation, the two most well-known interpolation techniques,
have often been used. However, as Chapter 4 points out, as far as realistic repre-
sentations of moving objects are concerned, these methods have failed to perform
well. By analyzing the behaviour of these techniques, the chapter reports on the
identified problems. It finds that the common problem in current techniques is to
use a single function to describe the complete movement, while faithful representa-
tion requires a clear distinction between different patterns of movement (states of
the trajectory). Furthermore, movement in each of these states should be described
by a different function which best suites that portion of the object’s movement. To
achieve this, the chapter introduces the concept of ‘break points’ as points along
the trajectory in which an abrupt change in movement occurs. Consequently, a
method for extracting break points based on data sequence grouping is presented.
Data points that prove to be similar in speed or acceleration are added to a defined
sequence. The chapter pays special attention to the fact that regardless of how
much error reduction has taken place, data may still be erroneous. Therefore, the
definition of similarity of speed and acceleration is based on uncertainty in the
data, which in turn is defined using error propagation laws. On the other hand,
the chapter explains that applications dealing with network-constrained objects
have frequently made use of pure interpolation techniques, without paying atten-
tion to the underlying network, which has had direct effects on where object can
go. By identifying all these elements and showing the incapabilities of current
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methods, the ultimate goal of this chapter is an alternative approach to overcome
the mentioned problems. Experimental results do not only back up the claim of
a more realistic representation of object trajectories, but also provide useful ideas
for compression techniques of network-constrained moving object trajectories.

Chapter 5 brings the attention to the fact that large quantities of moving ob-
jects that are equipped with position-enabled devices will soon start to generate
huge volumes of data. Storing all this data is neither possible, nor wise. Vari-
ous complications exist for storage, transmission, indexing, and query processing.
One solution to the problem is using compression techniques to discard not so
informative data points, while preserving the major characteristics of the original
trajectory. The chapter explains why existing compression techniques commonly
used for line generalization in the GIS domain or for time-series data in the data
mining field are not suitable for compressing moving object trajectories. They are
good for short one-dimensional time series and in absence of noise; but these are
properties not valid for moving objects. On the other hand, the error notion used
to decide on keeping data points in current compression methods works mainly on
the basis of distances between registered data points and compressed representa-
tion of the trajectory. However, as the chapter explains, this is not appropriate.
Due to the continuous nature of object movement, both spatial and temporal
factors should be taken into account in compressing moving object data. Our pro-
posed compression techniques successfully achieve the following goals (i) obtaining
a lasting reduction in data size, (ii) obtaining a data series that still allows various
computations at acceptable (low) complexity, and (iii) obtaining a data series with
known, small margins of error, which are parametrically adjustable. The chapter
also reports on a new error notion based on distance between each original data
point and its representation on the compressed trajectory. While compression
techniques for unconstrained moving objects are applied on data points that are
originally present, another strategy is used for compressing network-constrained
moving object data based on inventing new data points to add to the sequence.
The reported experimental results back up the proposed approaches.

Moving objects often follow the same routine at particular times, e.g. com-
muters, clients in shopping malls. Chapter 6 reports on methods to discover these
repeated patterns. The significance of such discovery is to allow grouping objects
with similar patterns [139] and finding their common spatio-temporal properties
and consequently providing them with appropriate services. On the other hand,
this discovery helps to identify possible problems that are common to grouped
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objects, e.g., traffic bottlenecks, and to plan for remedies. However, this similarity
search is by no means an easy task due to different sampling rates, inherent impre-
cision of object location, different trajectory lengths, shifts in location and/or time
components, and partial similarities involved [140, 20]. As the chapter explains,
similarity can be defined on the basis of information that is directly or indirectly
available. Therefore, to cover all possible cases, ‘information reduction operators’
are defined. By applying such operators, one level of information is ignored and
a similarity notion is defined based on available information. This procedure con-
tinues until no more information can be ignored by applying the operators. The
defined similarity notions are, in turn, used to group and classify moving objects.

7.2 Main contributions of the thesis

The main contribution of this thesis are as follows:

• It proposes an uncertainty handling method, which proves to reduce the error
associated with the registered (raw) network-constrained moving object data
by 36.45% on average.

• It proposes a trajectory determination technique, which results in more re-
alistic determination of trajectories.

• It proposes spatio-temporal trajectory compression techniques to compress
moving object data by achieving significant compression rates and low error
committed.

• It defines a new spatio-temporal error notion to be used in compression
techniques, as a measure describing how good the compression technique is.

• It defines different similarity notions for moving object trajectories.

• It proposes averaging method for object trajectories.

• It proposes grouping technique to classify and group moving objects with
similar characteristics.

7.3 Plans ahead

Further study in the moving object domain can be carried out in two directions:
(i) on general issues of moving objects that still need to be investigated, (ii) on the
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aspects that were dealt with in this research and still need further improvement
and development. Some of these plans are as follows:

• Provision of moving object data

Although third parties, such as telephony companies, at the moment have
time-stamped location data about their customers, obtaining such data has
proved to be difficult due to the privacy issues involved. On the other hand,
the attempts to simulate moving object data have not been so successful,
as they are simple at best and far from realistic. One issue, needing serious
attention, is to provide realistic moving object data as a means to test the
proposed techniques in this domain. This can be done either by solving
privacy issues, or by appropriate simulations that consider all factors playing
a role in object movement.

• Investigation of effects of inclusion of more data types in moving object data
stream

This research was carried out on basis of the assumption of availability of
time-stamped locations, only. If other data types such as direction or speed
were occasionally needed, they were computed based on the position data
available. However, since some data acquisition techniques can directly pro-
vide these (and even more) data, the possibility of extension of current tech-
niques to accommodate these additional data should be investigated.

• Extending pattern recognition techniques to find object profiles and possible
mis-behaviours

The context-aware applications that have recently received serious attention,
work on the basis of finding interests of their users and providing them with
their services accordingly. By extending the similarity search techniques
reported in this research, the repeated behaviour of the users can be identified
and in turn be used to make/improve their profiles. The role of classification
of objects for detecting possible mis-behavours should also be investigated.

• Inclusion and identification of possible errors in GIS

One of the main assumptions in this research is that the data is erroneous,
but not the the underlying network or the GIS. In future research, possible
errors in the GIS should also be taken into account. One should note that
one way to find out about such possible error is to use faithful representation
of moving object trajectories.
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• Real-time integration of information from different sources

Since many moving object applications, like tourist information, advertising,
traffic monitoring, require integration of information from different sources in
real-time, techniques that work well for one source of information should be
extended to support the kinds of dynamic, continuously evolving positional
data from multiple sources that are found in mobility scenarios.

• Re-evaluation of queries in real-time applications

In applications that work on the basis of providing real-time answers to
moving object queries, mobility of objects directly influences validity of query
results. In these applications, the system not only should find the ‘best’
(instead of ‘all’) answers, but also should frequently re-evaluate, re-transmit
and re-display the results. Due to object mobility if these processes occur
at inappropriate time intervals, the object may loose some of the desired
opportunities. Defining an appropriate frequency for such processes is a
necessity, and it needs further investigation.

• Indexing

Considering the huge volume of moving object data and its multi-dimensionality,
and the need for fast processes in real-time applications, efficient indexing
methods are highly required. Further research in this direction should aim
at providing spatio-temporal indexing techniques that can tackle current in-
dexing problems in moving object applications.
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12. de Zuviŕıa, Mart́ın, 1992, Mapping Agro-topoclimates by Integrating To-
pographic, Meteorological and Land Ecological Data in a Geographic Infor-
mation System: A Case Study of the Lom Sak Area, North Central Thailand,
Universiteit van Amsterdam, 90-6164-077-6

13. van Westen, Cees J., 1993, Application of Geographic Information Sys-
tems to Landslide Hazard Zonation, Delft University of Technology, 90-6164-
078-4

14. Shi, Wenzhong, 1994, Modelling Positional and Thematic Uncertainties
in Integration of Remote Sensing and Geographic Information Systems, Uni-
versität Osnabrück, 90-6164-099-7

15. Javelosa R., 1994, Active Quaternary Environments in the Philippine Mo-
bile Belt, Utrecht University, 90-6164-086-5

16. Lo, King-Chang, 1994, High Quality Automatic DEM, Digital Elevation
Model Generation from Multiple Imagery, University of Twente, 90-9006-
526-1

17. Wokabi, S. M., 1994, Quantified Land Evaluation for Maize Yield Gap
Analysis at Three Sites on the Eastern Slope of Mt. Kenya, University
Ghent, 90-6164-102-0
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Summary

Recently performance of portable computing devices has been greatly improved
and at the same time enormous efforts have been directed towards miniaturization
and personalization of wireless gadgets. All these efforts have opened new horizons
for applications dealing with moving objects. Soon, it is expected that all the
wireless personal devices start to generate an unprecedented data stream of time-
stamped positions. At the same time, while these advances make it possible to
introduce services that previously were unthought of, new serious challenges are
ahead. That is because existing databases, which are one of the most important
components for providing such services, are mainly good in static spatial data
handling, while the need for space- and time- dependent data handling in the new
spatio-temporal applications is rapidly increasing. The concept of mobility brings
up a new set of requirements.

Moving objects, as one of the main players in mobility scenarios, are objects
of which locations continuously changes. Despite of all work on databases, the
situation in which moving objects are constantly monitored and their whereabouts
are stored for future analysis forms an important class of problems that present-
day database users find hard to tackle satisfactorily. This is because databases
have not very well accommodated such data in the past, as their design paradigm
was always one of ‘snapshot representation’. Their present support for spatial time
series is at best rudimentary. Moving object related challenges are manifold; data
modelling, data structures and operations, indexing methods and query processing
techniques that can handle continuous change in location of these objects, as well
as their large amount of data, are just a few to mention.

To narrow down moving object challenges, the focus of this thesis is on four
issues, namely, uncertainty handling for moving object data, faithful trajectory
representation, trajectory compression techniques, and similarity measures for tra-
jectories.

As far as moving point objects are concerned, three different types of movement
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can be identified: (i) free movement in 2D or 3D space, (ii) restricted movement
in 2D or 3D space, and (iii) restricted movement on 2D or 3D networks. Topics
addressed in this thesis are mainly about the first and third case, and are restricted
to 2D.

Since the error associated with (spatial) data tends to be propagated in later
stages of analysis, error should be reduced to the best possible extent. Advances
in positioning technology already offer early techniques to do so, resulting in 10–
15 m accuracy at best. Although this may be already a good accuracy for some
moving object applications, there are applications that require a higher degree
of accuracy. For unconstrained moving objects, there is not much more to be
done. However, for network-constrained objects, this thesis offers more intelligent
methods to lower the error even further.

Moving objects are continuous phenomena. However, data about them is ac-
quired and stored in a discrete way. Therefore, to have a full and complete under-
standing of the behaviour of these objects and their trajectories, techniques are
needed to provide data when no observation is available. Two well-known and
commonly used techniques to do so are linear and spline interpolations. By ana-
lyzing the behaviour of these two methods and showing their incapabilities, this
thesis proposes an alternative approach to faithfully represent trajectories.

Dealing with moving objects, means dealing with a huge volume of data. Stor-
ing all this data is neither possible nor wise. The amount of data introduces
numerous challenges, e.g., storage, indexing, and transmission overhead. Current
compression techniques are not suitable for moving objects. They are either good
for short, one dimensional time-series and in absence of noise, or for line gener-
alization. The former does not hold for moving object data. The latter also has
the problem of ignoring one important component of object data, i.e., time. This
thesis introduces spatio-temporal techniques to overcome these problems.

Moving objects often have repeated patterns of movement. Identifying these
patterns is a great help for planning and management purposes. However, consid-
ering the multi-dimensionality of respective data and its large volume, identifying
these patterns is not an easy task. On the other hand, due to inherent imprecision
of the data, these patterns may not be identical but similar. Therefore, defining
similarity notions is a must. These notions can be defined at various levels, due
to different data types, either explicitly or implicitly, available. Considering these
issues, this thesis first defines similarity notions at different levels according to
data availability and then proposes techniques to find similar movement patterns.
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This identification is used to group and classify the objects.
Although, at first these four topics may seem independent, there is a strong

relationship between them. A successful uncertainty handling method results in a
more realistic trajectory representation, while this in turn results in more accurate
pattern detection and classification. Reaching a compressed data set while avoiding
serious information loss benefits the speed up of all the processes.

Experiments carried out support the proposed methods. Results show consid-
erable improvements.





Samenvatting

De prestaties van draagbare computers en hand-helds zijn in de laatste jaren enorm
verbeterd, terwijl deze apparaten ook aanmerkelijk kleiner en beter draadloos ver-
netwerkt zijn geworden, en beter afstembaar op persoonlijke wensen zijn gemaakt.
Dit heeft geleid tot mogelijkheden van mobiliteitsscenario’s, uitmondend in de
verwachting dat zulke persoon-specifieke apparatuur binnen afzienbare tijd een
niet eerder opgetreden hoeveelheid gegevens, met name reeksen van tijdsgebonden
lokaties, zal genereren. Dit biedt weliswaar ongekende mogelijkheden voor data-
gebaseerde dienstverlening, maar serieuze obstakels dienen daarvoor uit de weg
geruimd te worden. De reden is dat de hiervoor belangrijke databases wel met
statische ruimtelijke gegevens overweg kunnen, maar niet goed met dynamische
ruimtelijke gegevens. In het kort: gegevens rond mobiliteit stellen andere eisen
van beheer en bevraging.

‘Moving objects’, een belangrijk onderdeel van mobiliteitsscenario’s, zijn objek-
ten met voortdurend wijzigende lokatie. Hun continue monitoring om redenen van
analyse bepaalt een belangrijke klasse van problemen die met huidige database-
technologie lastig te adresseren valt. Databases zijn slecht uitgerust om de eraan
ten grondslag liggende gegevenssoorten te bewerken, aangezien ze historisch meer
gericht zijn geweest op statische gegevens. Ondersteuning van tijdreeksgegevens
is op z’n best rudimentair te noemen. Gegevens rond ‘moving objects’ bieden
talloze uitdagingen: voortdurend wijzigende lokatie en hoog gegevensvolume zijn
ttypsiche eigenschappen waarmee modellering, datastrukturering en -operaties, in-
diceringstechnieken en querybewerking te maken hebben.

In dit proefschrift worden een viertal thema’s rond ‘moving objects’ nader
onderzocht: behandeling van onzekerheid in ‘moving object’ gegevens, waarheids-
getrouwe representatie van trajektorieën van objekten, compressietechnieken van
‘moving object’ gegevens, en maten van gelijkvormigheid in ‘moving object’ tra-
jektorieën.

Waar het ‘moving point objects’ betreft, kunnen drie soorten beweging worden
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onderscheiden: (i) vrije beweging in twee- of drie-dimensionele ruimte, (ii) be-
perkte beweging in twee- of drie-dimensionele ruimte, en (iii) beperkte beweging
over twee- of drie-dimensionele ruimtelijke netwerken. In dit proefschrift wordt
vooral naar het eerste en derde geval gekeken, in een twee-dimensionele omgeving.

Aangezien fouten in ruimtelijke gegevens typisch doorwerken in latere bewer-
kingen, dienen zij geminimaliseerd te worden in de brongegevens. Verbeterde
positioneringstechnieken bieden daartoe al mogelijkheden, leidend tot een nauw-
keurigheid in de ordegrootte van 10–15 m. Dit is goed genoeg voor sommige
‘moving object’ toepassingen, maar niet voor andere die een hogere nauwkeurig-
heid vereisen. In omstandigheden waarin de objekten gedacht worden zich vrij te
bewegen valt aan de nauwkeurigheid niet veel meer te verbeteren, bij beweging
over een netwerk echter wel. Het proefschrift beschrijft enkele handige methoden.

‘Moving objects’ zijn continue fenomenen. Het monitoringsproces genereert
echter typisch discrete gegevens. Voor een volledig begrip van het gedrag van de
objekten zijn derhalve technieken nodig om gegevens van tijd en lokatie af te leiden
als die niet rechtstreeks beschikbaar zijn. Twee bekende technieken zijn lineaire
en spline-interpolatie. Middels een analyse van hun gedrag komen enkele van hun
beperkingen aan het licht; het proefschrift stelt een alternatieve techniek voor om
tot waarheidsgetrouwe representatie te komen.

Intrinsiek aan het beheer van ‘moving object’ gegevens is het hoge gegevens-
volume. De opslag van domweg alle gegevens is nauwelijks mogelijk en is ook
niet verstandig. Talloze technische uitdagingen gaan ermee gepaard. Bestaande
compressietechnieken zijn niet erg geschikt voor ‘moving object’ gegevens. Zij zijn
toepasbaar op korte, een-dimensionele tijdreeksen zonder ruis op de gegevens, of,
indien men geometrische lijngeneralisatie wenst toe te passen. Het eerste geldt
niet voor ‘moving object’ gegevens. Het tweede negeert de belangrijke temporele
karakteristiek ervan. Het proefschrift beschrijft spatiotemporele technieken om
aan deze bezwaren tegemoet te komen.

‘Moving objects’ vertonen regelmatig vergelijkbare bewegingen en zich herha-
lende bewegingspatronen. De herkenning hiervan is van groot belang in planning
en beheer. Gezien het multi-dimensionele karakter en het grote volume van de
gegevens, is het herkennen van deze patronen geen sinecure. Daar komt bij dat,
vanwege intrinsieke onnauwkeurigheid, gelijkende bewegingspatronen niet identiek
hoeven zijn. Een of meerdere noties van gelijkvormigheid zijn derhalve noodza-
kelijk. Zij kunnen worden gedefinieerd op meerdere niveaus, vanwege verschillen
in gegevenstype, en zowel impliciet als expliciet. Dit wordt in dit proefschrift ge-
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daan, waarna diverse technieken worden beschreven om gelijkvormige bewegings-
patronen te ontdekken. Zulke overeenkomsten worden vervolgens gebruikt om tot
klassifikatie en aggregatie van ‘moving objects’ te komen.

Op het eerste gezicht lijken de vier behandelde thema’s onafhankelijk, maar
er bestaat een duidelijk verband. Een geslaagde behandeling van onzekerheid
in de gegevens leidt tot een realistischer representatie, en op zijn beurt tot een
verbeterde patroonherkenning. Het comprimeren van de gegevens, mist zonder
verlies van essentiële informatie, verbetert op zijn beurt de tijdscomplexiteit van
de diverse rekenprocessen.

Uitgevoerde experimenten ondersteunen de beweringen omtrent de voorgestel-
de technieken. De resultaten laten opvallende verbeteringen zien.
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