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Abstract

The domain of spatiotemporal applicationsis a treasure trove of new types of data and queries. In this
work, the focusis on a spatiotemporal sub-domain, namely the trajectories of moving point objects. We
examine the issues posed by this type of data with respect to indexing and point out existing approaches
and research directions. An important aspect of movement is the scenario in which it occurs. Three
different scenarios, namely unconstrained movement, constrained movement, and movement in networks
are used to categorize various indexing approaches. Each of these scenarios give us different means to
either simplify indexing, or to improve the overall query processing performance.

1 Introduction

Severa application areas contribute to the growing number of different types of spatiotemporal data. For ex-
ample, we are currently experiencing rapid technological developments that promise widespread use of on-line
mobile personal information appliances [14]. Mobility as a keyword is introduced as a concern to many ap-
plications and services. One aspect of mobility is movement and thus the change of location. Applications
in this context include emerging ones such as location-based services, but also “classical” ones such as oeet
management, dealing with the optimal spatiotemporal distribution of vehicles[1].

Applications such as these warrant the study of indexing mobile objects. In particular, our interest is in
recording the movements of mobile objects, i.e., their trajectories, and indexing those for post-processing (e.g.,
data mining) purposes. Thus, we will not concern ourselves with the indexing of the current positions and the
predicted movements of objects such astreated in, e.g., [16, 17]. The size and shape of an object is often £xed
and of little importance-only its position matters. Thus, the problem becomes one of recording the position of
a moving object across time. The movement of an object may then be represented by atrgjectory in the three
dimensional space composed of two spatial dimension and one time dimension [11].

Typically, access methods are developed only having the data and the queries in mind. However, for trajec-
tory data we can also consider the constraints which the objectsin their movement are subjected to. Speci£cally,
we may distinguish among three movement scenarios, namely unconstrained movement (e.g., vessels at seq),
constrained movement (e.g., pedestrians), and movement in transportation networks (e.g., trains and, typically,
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cars). Aswe will seein this work, the latter two scenarios allow us to optimize the query processing technigque
or to use simpler access methods to index the data.

The outline of the paper is as follows. Section 2 defnes the basic concepts and points out the difEculties
when indexing tragjectories. Sections 3, 4, and 5 point out indexing approaches grouped according to the three
movement scenarios. Finally, Section 6 gives conclusions and directions for future research.

2 On Trajectoriesand Queries

The central question in thiswork is how we can ease the task of indexing point-object movements. This section
gives a brief description of the data, the related queries, and the respective indexing challenges.

2.1 Trajectories

A trajectory is the data we obtain by recording the position of a moving point object across time. Consider
the following application context. Optimizing transportation, especialy in highly populated and thus congested
areas, is a very challenging task that may be supported by an information system. A core application in this
context is meet management [1]. Vehicles equipped with GPS receivers transmit their positions to a central
computer using either radio communication links or mobile phones. At the central site, the datais processed and
utilized.

To record the movement of an object, we would have to know its position at al times, i.e., on a continuous
basis. However, GPS and telecommunications technologies only alow us to sample an object’s position, i.e.,
to obtain the position at discrete instances of time, such as every few seconds. A £rst approach to represent the
movements of objects would beto simply store the position samples. Thiswould mean that we could not answer
queries about the objects movements at times in-between those of the sampled positions. Rather, to obtain the
entire movement, we have to interpolate. The simplest approach is to use linear interpolation, as opposed to
other methods such as polynomial splines. The sampled positions then become the endpoints of line segments
of polylines, and the movement of an object is represented by an entire polyline in 3D space. The solid linein
Figure 1(a) represents the movement of an object. Space and time coordinates are combined to form a single
coordinate system. The dashed line shows the projection of the movement into the 2D (spatia)plane [10, 11].
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Figure 1: Trajectories: (a) 2+1 dimensional space, (b) approximating trajectories using MBBs

In classical spatial databases only position information is available. In our case, however, we have also de-
rived information, e.g., speed, acceleration, traveled distance, etc. Information is derived from the combination
of spatial and temporal data. Further, we do not just index collections of line segments-these are parts of larger,



Query Type Operation Signature
Coordinate-based Queries | overlap, inside, etc. range
Topological | enter, leave, cross, range x {segments}
Trajectory Queries bypass — {segments}
-based | Navigational | traveled distance, covered | {segments} — int
Queries Queries area (top or average), {segments} — red
speed, heading, parked {segments} — bool

Table 1. Types of spatiotemporal queries

semantically meaningful objects, namely trajectories. These semantic properties of the data are recected in the
types of queries of interest for the data, as will be discussed next.

2.2 Queries

The queries of interest for trgjectories comprise what can be conceived as adapted spatial queries, e.g., range
queries of the form “£nd all objects within a given area at some time during a given time interval” and queries
with no spatial counterpart. Here, the so-called trajectory-based queries are classifed in topological queries,
which involve the entire movement of an object (enter, leave, cross, and bypass), and navigational queries,
which involve derived information, such as speed and heading. Table 1 summarizes the query types. We use the
signature-like notation as presented in [2]. The “operation” column lists the operations used for several query
types, and the “signature” column presents the involved types. For example, a coordinate-based query uses the
inside operation to determine the segments within the speci£ed range. The notation segments simply refersto a
set, it does not capture whether this set constitutes one or more trajectories. An important issue in dealing with
spatiotemporal queriesisto extract information related to (partial) trajectories, e.g., “What were the trajectories
of objects after they left Tucson between 7 am. and 8 am. today, in the next hour?’ This type of query is
referred to as combined query, since we £rst have to select the respective trgjectories (“...left Tucson between
7 am. and 8 am. today...”) and subsequently the respective portions (“...in the next hour?’). More details on
trajectory-related queries can be found in [10, 13].

2.3 Indexing Fundamentals

Trajectories are three-dimensional spatial entities, and we can use spatia access methods to index this data.
However, there are difE£culties. Trajectories are decomposed into their constituent line segments, which are then
indexed. The use of the R-tree [3] isillustrated in Figure 1(b). The R-tree approximates the data objects by
Minimum Bounding Boxes (MBBS), here three-dimensional intervals. Approximating segments using MBBs
provesto beinefEcient. Figure 1(b) showsthat we introduce large amounts of “dead space.” It isevident that the
MBBs cover large parts of space, whereas the actual space occupied by thetrajectory issmall. Thisleadsto high
overlap and consequently to a small discrimination capability of the index structure. (Note that approximating
trgjectories with MBBs without prior decomposition into segments just serves to make things worse.)

Other trgjectory indexing problems include trajectory preservation and skewed data growth. Asfor the £rst
problem, spatial indices tend to group segments into nodes according to spatial proximity. However, in the
case of trgjectories, it is beneEcia to some queries if the index preserves trgectories, i.e., to group segments
according to their trgjectory and only then according to proximity (cf. [13]). The second problem refers to the
fact that trajectory data grows mostly in the temporal dimension. The spatial dimensions are £xed, e.g., the city
limits. Exploiting this property of the data can further increase query performance.



2.4 Movement Scenarios

Depending on the particular objects and applications under consideration, the movements of the objects may be
subject to constraints. Speci£cally, we may distinguish among three movement scenarios, namely unconstrained
movement (e.g., vessels at sed), constrained movement (e.g., pedestrians), and movement in transportation net-
works (e.g., trains and, typically, cars). Figures 2(a)-(c) exempli£es these three scenarios. In each case, within
the bounding square white illustrates space in which movement can occur, whereas black signifes the opposite.
Unconstrained movement is the scenario mostly asserted in work on spatiotemporal access methods. However,
it hardly represents reality. Constrained movement and movement in networks represent similar movement sce-
narios. The former assumes that there exist spatia objects that constrain the movement, e.g., when considering
the movement of cars, houses, lakes, parks, etc. (examples of the black boxes in Figure 2(b)) are examples of
such constraints. Movement in networks is then merely an abstraction of constrained movement. Here, oneis
only interested in positions of objects with respect to the network and not with respect to a two-dimensional
reference system. For example, we may expect that many applications will be interested only in the positions of
cars with respect to the road network, rather than in their absolute coordinates. The movement effectively occurs
in adifferent space than for the £rst two scenarios.
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Figure 2: Movement scenarios: (&) unconstrained, (b) constrained, and (¢) movement in a network

Section 2.3 illustrates the indexing challenge related to trgjectories. In exploiting auxiliary information such
as infrastructure and networks, we can improve query performance and simplify indexing. The following three
sections explore indexing approaches related to three movement scenarios presented in this section.

3 On Indexing Unconstrained M ovement

Unconstrained movement is conceptually the simplest case for trgjectory indexing. In the following, we describe
several access methods that are tailored to the requirements of the data and the queries.

3.1 TheTB-tree

The TB-tree[13] isan access method that considersthe particul arities of the data, namely trajectory preservation
and temporal growth, and aims at ef£ciently processing related types of queries.

An underlying assumption for the R-tree is that all inserted geometries are independent. In our context
this trandlates to all line segments being independent. However, line segments are part of trgjectories and the
R-tree only implicitly maintains this knowledge. With the TB-tree, we aim for an access method that strictly
preserves trgectories. Asaconsequence, each leaf node in the index should only contain segments belonging to
onetrgjectory. Thus, the index becomes actually atrajectory bundle. This approach is only feasible by making
some concessions to the most important R-tree property, namely node overlap, or spatial discrimination. As
a drawback, spatially close line segments from different trajectories will be stored in different nodes. This,



in turn, increases the node overlap, decreases the space discrimination, and, thus, increases the classical range
query cost. The TB-tree trades space discrimination for trajectory preservation.
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Figure 3: TB-tree: (a) structure, non-leaf level MBB structure (b) R-tree and (c) TB-tree

Employing the above constraints, the TB-tree structure consists of a set of leaf nodes, each containing a
partial trgjectory, organized in a tree hierarchy. For query processing, it is necessary to be able to retrieve
segments based on their trgjectory identifer. Thus, leaf nodes containing segments of the same trgjectory are
linked together by a doubly-linked list data structure. This preserves tragjectory evolution and overall improves
especially the performance of processing trgjectory-based and combined queries. Figure 3(a) shows a part of a
TB-tree structure and a trgjectory illustrating the overall data structure. For clarity, the trajectory is drawn as a
band rather then aline. The trgjectory symbolized by the grey band is fragmented across six nodes, c1, ¢3, etc.
In the TB-tree these leaf nodes are connected through the doubly-linked list.

Figures 3(b) and (c) give an impression of the quality of the non-leaf level arrangement of bounding boxes
in the R- and the TB-tree, respectively. The R-tree grouping is dominated by purely spatial characteristics
such as proximity, ignoring the temporal growth of the data. The TB-tree structure is dominated by trgjectory
preservation. Since the dataisinserted with a growing time horizon, the MBBs exhibit a temporal clustering.

The TB-tree structure is not the only approach to the indexing of trgjectories. The following section gives a
brief overview of what other techniques exist.

3.2 Other Approaches

Nasciemento et a. [8] adopt the trgjectory model as described in Section 2.1 and investigate the suitability of
multidimensional access methods for trajectory data. In their work, they compare the performance of various
R-tree versions for different range query loads.

In[7], Hadjileftheriou et a. defne an approach to reduce the dead space introduced by MBB approximations
of tragjectories (cf. Section 2.3) by introducing “arti£cial object updates.” They effectively manipulate the parti-
tioning of atrgectory into segments. A partially persistent tree structure [5, 18] is used to index the data. This
approach generalizes a previous work [4] in which it was assumed that the objects move with a linear function
of time, whereas in [7] more complex functions are permitted.

Porkaew et a. [15, 6] examine the indexing of trajectoriesin Native Space (cf. Section 2.1) vs. Parametric
Space. In Parametric Space, segments of trgjectories are represented in terms of alocation and a motion vector.
In their experimental evaluation, the authors use an R-tree structure as an index for both representations.

Other works further propose access methods that go beyond trajectories towards the indexing of moving spa-
tial shapesin general. These approaches however do not always consider continuous but only discrete changes,
e.g., Tzouramanis et al. [19] employ overlapping linear quad-trees to index discretely changing spatial objects.



Tao and Papadias [18] propose a method called MV 3R-tree to index the past locations of moving shapes.
Their method combines multi-version B-trees and 3D R-trees to process timestamp and interval queries.

4 On Constrained M ovement

The indexing approaches in the previous section focus on trgjectory data and related queries. In this section,
we assert that the movement of objects is constrained by elements termed infrastructure. In terms of data,
infrastructure represents “black-out” areas for movement and, thus, there are no trajectories where there are
infrastructure elements. However, in the index, approximations of the data are used, which introduce dead space
and, consequently, the areas covered by infrastructure are not empty. This will incur unnecessary search in the
index as well as produce a certain number of falsely reported answers, which must subsequently be eliminated.
Both lead to extra I/O operations and thus negatively affect the performance.

To eliminate this extra I/O, we can use infrastructure in a pre-processing step, i.e., why should we look for
objects, where there cannot be any? The strategy we choose is to query the infrastructure to save on querying
the trgjectory data. Overal, this will turn out to be favorable, since the number of infrastructure elements can
be assumed to be very small compared to the trajectory data. Further, the trajectory datais growing with time,
whereas the size of the infrastructure data remains more or less constant.

The general principleisto decompose a given query window based on the infrastructure contained in it. The
intuition isto segment the parts of the query window not occupied by infrastructure into well-shaped rectangles,
i.e., assguare as possible. In Figure 4 where few but large infrastructure el ements are shown as black rectangles,
the possible outcome of such a segmentation process is shown as white rectangles.

Figure 4: A query window segmentation example

The query windows resulting from this segmentation are subsequently used to query the tragjectory dataindex
(instead of the large query window ranging of infrastructure). In [12] the conditions under which this approach
is favorable are established.

5 On Movement in Networks

In many applications movement is modeled to occur in a network rather than its native two-dimensional space.
The reason is simplicity. When dealing with network-constrained movement, one is not interested in spatial
extents, e.g., the thickness of the road, or the absolute position of the object in terms of its x- and y-coordinates,
but rather in relative positions with respect to the network, e.g., Kilometer 21 of Highway 101.

The space as defned by a network is quite different from the Euclidean space that the network is embedded
into. Intuitively, the dimensionality of the networked-constrained space is lower than that of the space it is
embedded in. In theliterature, the term 1.5 dimensional has been used.

Modeling movement with respect to a network simplifes the trajectory data obtained. The two spatia
dimensions are essentially reduced to one. Figures 5(a) and (b) illustrate this principle by showing the same



trgjectory in a three-dimensional and a two-dimensional space, respectively. A two-dimensional network is
reduced to a set of one-dimensional segments and the trajectory datais mapped accordingly.
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Figure 5: Network movement: trgjectoriesin (a) 3D and (b) 2D space

L owering the dimensionality of the data reduces the indexing challenge considerably. Off-the-shelf database
management systems typically do not offer three-dimensional indexes and thus do not contend with trajectories.
Although it is desirable to design new access methods for new types of data, it may not be attractive in a short
or medium term. For example, it took a dozen years before the R-tree found its way into some commercial
database products [9]. Depending on the type of data, it can be benefcia to use existing access methods by
transforming the data. Considering movement in anetwork is such atransformation. We can use asimple access
method such as atwo-dimensiona R-tree and this, in turn, allows for an easy integration of the new type of data
into commercia database management systems.

6 Conclusionsand Future Work

Spatiotemporal data is emerging from a broad range of applications. In this work, we present selected meth-
ods for the indexing of trgjectories, a type of data that stems from recording the movement of point objects.
The existing indexing approaches are grouped according to three movement scenarios, constrained movement,
unconstrained movement, and movement in networks. Each of these scenarios can aid the processing of spa-
tiotemporal queries in different ways. Unconstrained movement is the typical showcase for the deEnition of
new access methods. Constrained movement allows us to reduce the extent of query windows. Movement in
networks reduces the dimensionality of the data and thus of the index.

Directions for future work can either be to deEne more ef£cient and/or more specialized access methods,
or to satisfy existing needs arising from real applications [1]. This can be achieved by trying to handle spa-
tiotemporal datawith our current knowledge in connection with the means available from off-the-shelf database
management systems[20].
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