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Abstract Spatio-temporal objects — that is, objects
that evolve over time — appear in many applications.
Due to the nature of such applications, storing the evolution of objects through time in order to answer historical queries (queries that refer to past states of the evolution) requires a very large specialized database, what is
termed in this article as a spatio-temporal archive. Efficient processing of historical queries on spatio-temporal
archives requires equally sophisticated indexing schemes.
Typical spatio-temporal indexing techniques represent
the objects using minimum bounding regions (MBR) extended with a temporal dimension, which are then indexed using traditional multi-dimensional index structures. However, rough MBR approximations introduce
excessive overlap between index nodes which deteriorates query performance. This article introduces a robust
indexing scheme for answering spatio-temporal queries
more efficiently. A number of algorithms and heuristics
are elaborated, which can be used to preprocess a spatiotemporal archive in order to produce finer object approximations which, in combination with a multi-version index structure, will greatly improve query performance in
comparison to the straightforward approaches. The proposed techniques introduce a query-efficiency vs. space
tradeoff, that can help tune a structure according to
available resources. Empirical observations for estimating the necessary amount of additional storage space required for improving query performance by a given factor are also provided. Moreover, heuristics for applying
the proposed ideas in an online setting are discussed. Finally, a thorough experimental evaluation is conducted
to show the merits of the proposed techniques.
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1 Introduction
Due to the widespread use of sensor devices, mobile
devices, video cameras, etc., large quantities of spatiotemporal data are produced everyday. Examples of applications that generate such data include intelligent transportation systems (monitoring cars moving on road networks), satellite and GIS analysis systems (evolution
of forest boundaries, fires, weather phenomena), cellular network applications, video surveillance systems, and
more. Due to the massive space requirements of spatiotemporal datasets it is crucial to develop methods that
enable efficient management of spatio-temporal objects
as well as fast query processing.
A number of methods have been proposed recently to
address indexing problems that appear in spatio-temporal
environments. They can be divided in two major categories: Approaches that optimize queries about the future positions of spatio-temporal objects (including continuous queries on the location of moving objects) [25, 43,
1,11, 39,5,42,20,46,52,53,50,48,35,40,36,32,21], and those
that optimize historical queries, i.e., queries about past
states of the spatio-temporal evolution [54,2,56,26, 33,
38,39,47,9,35]. This article concentrates on historical
queries. Furthermore, it addresses the “off-line” version
of the problem: Given the complete archive of a spatiotemporal evolution the purpose is to index it efficiently
in order to answer the most prevalent spatio-temporal
queries, namely range searches and nearest neighbors; for
example: “Find all objects that appeared inside area S
during time-interval [t1 , t2 )” and “Find the object nearest to point P at time t”. Both time period as well as time
snapshot queries are examined (queries about a timeinterval or a time-instant).
A short version of this article appeared as “Efficient Indexing of Spatiotemporal Objects” in the Proceedings of Extending Database Technology 2002 [19]. This work was partially supported by NSF grants IIS-9907477, EIA-9983445,
NSF IIS 9984729, NSF ITR 0220148, NSF IIS-0133825, NRDRP, and the U.S. Department of Defense.
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For simplicity, in the rest of this article it is assumed
that object evolution is taking place on a 2-dimensional
universe (the extension to three dimensions is straightforward). An example of a spatio-temporal evolution appears in Figure 1. The X and Y axes represent the 2dimensional space while the T axis corresponds to the
time dimension. For ease of exposition, in the rest of
this discussion, time is considered to be discrete (a succession of increasing integers). At time 1 objects o1 (a
point) and o2 (a region) are inserted. At time 2, object
o3 is inserted while o1 moves to a new position and o2
shrinks. Object o1 moves again at times 4 and 5; o2 continues to shrink and disappears at time 5. Based on its
behavior in the spatio-temporal evolution, each object is
assigned a record with a lifetime interval [ti , tj ) inferred
by the time instants that the object first appeared and
disappeared, if ever. For example, the lifetime of o2 is
L2 = [1, 5). During its lifetime an object is termed alive.
A spatio-temporal archive that stores the detailed evolution of the 2-dimensional universe consists of the complete update history of all the objects. A simple snapshot
query is also illustrated in the same figure: “Find all objects that appeared inside area Q at time 3”; only object
o1 satisfies this query.
Spatio-temporal archives can be indexed, straightforwardly, using any multi-dimensional spatial access method
like the R-tree and its variants [17,45, 4]. An R-tree would
approximate the whole spatio-temporal evolution of an
object with one Minimum Bounding Region (MBR) that
tightly encloses all the locations occupied by the object during its lifetime. While simple to deploy, these
approaches do not take advantage of the special properties of the time dimension. Simplistic MBR approximations introduce a lot of empty volume, since objects
that have long lifetimes correspond to very large MBRs.
This, in turn, introduces excessive overlapping between
index nodes and, therefore, leads to decreased query performance [27,28,44, 47, 54,26]. A better approach for indexing a spatio-temporal archive is to use a multi-version
index, like the MVR-tree [14,30, 3, 57, 28, 44, 47]. This index “logically” stores all the past states of the data evolution and allows updates only to the most recent state.
The MVR-tree divides long-lived objects into smaller,
better manageable intervals by introducing a number of
object copies. (However, the size of the index is kept linear to the number of object updates in the evolution.) A
historical query is directed to the exact state acquired by
the structure at the time that the query refers to; hence,
the cost of answering the query is proportional only to
the number of objects that the structure contained at
that time.
The MVR-tree is an improvement over the straightforward R-tree approach, especially for short time-interval
queries, since the individual parts of the MVR-tree corresponding to different versions of the data that will be
accessed for answering a historical query are more compact than an R-tree that indexes the whole evolution.
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However, there is still space for substantial improvement. The indexing algorithms presented here are motivated by the following observation: Object clustering
performed by the multi-version structure is affected by
both the length of the lifetime of the objects and their
spatial properties. Given that the trajectory archive is
already available before building the index, it is possible to further improve index quality by creating finer
object approximations that take into account the spatial dimensions of the objects as well as the temporal
extent.
The rest of this paper presents various algorithms
that can be applied on any spatio-temporal archive as a
preprocessing step in order to improve index quality and,
hence, query performance. The proposed algorithms produce finer object approximations that limit empty volume and index node overlapping. Given N object trajectories the input to the algorithms are N MBRs, one
per object trajectory. The output is K MBRs (typically
K = O(N )) that approximate the original objects more
accurately. Some of the N original MBRs may still be
among the resulting K (for objects for which no better
approximation was necessary to be performed), while
others will be split into sets of smaller, consecutive in
time MBRs. The resulting MBRs will then be indexed
with the aim of answering historical queries efficiently.
Additionally, a number of heuristics are introduced that
aid in deploying these algorithms only to the most suitable objects — that is, the ones that contribute the most
to query performance improvement when approximated
more accurately. The necessity of such heuristics will
become apparent given that some of the proposed algorithms might have prohibitive computational cost for
very large trajectory archives.
We opt at using a multi-version indexing scheme due
to two reasons: First, index performance of multi-version
structures does not deteriorate when increasing the absolute number of indexed objects, and second, due to the
enhanced performance of these structures, especially for
historical queries. Motivated by the query cost formula
introduced by Pagel et al. [34] which states that the
query performance of any MBR based index structure
is directly proportional to the total volume, the total
surface and the total number of indexed objects, it is
argued that the proposed algorithms will benefit mostly
the multi-version approach. This is due to the fact that
introducing finer object approximations in the R-tree decreases the total volume of tree nodes but, at the same
time, increases the total number of indexed objects, ripping off all benefits. On the other hand, in the MVR-tree
the number of alive objects per time-instant remains
constant independent of the number of MBRs used to
approximate the objects, and this fact constitutes the
biggest advantage of the multi-version approach. The experimental evaluation corroborates this claim.
This article extends the work by Hadjieleftheriou et
al. [19] by providing various heuristics for improving
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Fig. 1 A spatio-temporal evolution of moving objects.

overall performance, giving empirical observations for
estimating the query-efficiency vs. space tradeoff before
building the index structures, presenting a technique for
indexing spatio-temporal archives online, and, finally,
conducting a comprehensive experimental evaluation of
the proposed approaches with an extended set of datasets.
In the next section a formal representation for spatiotemporal objects is discussed, and the basics of multiversion indexing structures are presented. Section 3 gives
a detailed description of the proposed preprocessing algorithms. Section 4 presents various heuristics for improving the efficiency of the algorithms in the presence
of very large trajectory archives. Section 5 presents a
discussion on how the algorithms can be adapted for
an “online” spatio-temporal archiving system. Section 6
presents a thorough experimental study, while Section 7
discusses related work. Finally, Section 8 concludes the
paper.

2 Preliminaries
This section gives the necessary background for the development of the proposed algorithms. Various models
for representing spatio-temporal objects are discussed
and a detailed presentation of the MVR-tree is given.

2.1 Representation of Spatio-temporal Objects
Object movements on a 2-dimensional plane can be modeled using various representations. Most applications represent a moving object as a collection of locations sampled every few seconds: The object movement is a set of
tuples {< t1 , p1 >, . . . , < tn , pn >}. Previous work assumes that objects follow linear or piecewise linear trajectories. An object movement is then represented by a
set of tuples {< [t1 , ti ), fx1 (t), fy1 (t) >, . . . , < [tj , tn ),
fxn (t), fyn (t) >}, where t1 is the object insertion time,
tn is the object deletion time, ti , . . . , tj are the intermediate time instants when the movement of the object changes characteristics and fxi , fyi : R → R are

the corresponding linear functions. In general, the timeinterval between two object updates is arbitrary, meaning that for any two consecutive time-instants ti , tj the
corresponding time-interval [ti , tj ] can have an arbitrary
length. In the degenerate case, the object can be represented by one movement function per time-instant of its
lifetime, but in the rest of this article the more general
representation is assumed, where objects issue updates
more sparsely. If objects follow complex non-linear movements this approach becomes inefficient as it requires a
large number of linear segments in order to accurately
represent the movement. A better approach is to describe
movements by using combinations of more general functions. All these approaches can be easily extended for
higher dimensionality.
Regardless of the preferred representation, an object
can always be perceived as the collection of the locations it occupied in space for every time-instant of its
lifetime. This exact representation is clearly the most
accurate description of the object’s movement that can
be attained but, at the same time, it has excessive space
requirements. Nevertheless, it is amenable to substantial compression. Given a space constraint or a desired
approximation accuracy, one can derive various approximations of a spatio-temporal object. On the one extreme, the object can be approximated with a single
MBR — a 3-dimensional box whose height corresponds
to the object’s lifetime interval and its base to the tightest 2-dimensional MBR that encloses all locations occupied by the object (in the rest, this representation is
referred to as the single MBR approximation). This simplistic approximation introduces unnecessary empty volume. For example, in Figure 2(a) a point starts at time
1 from the lower left corner of the plane and follows
an irregular movement. It is evident that approximating the point’s movement with a single MBR introduces
too much empty volume (but the space requirements of
this approximation are only the two end-points of the
single MBR). A similar example is shown in Figure 2(b)
where a point moves in circles. On the other extreme, the
exact representation is equivalent to keeping one point
per time instant of the object’s lifetime (for a total of
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(b) A circular
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2.2 The Multi-Version R-tree

Fig. 2 Single MBR approximations.
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number of MBRs), another interesting problem is how to
decide which objects need to be approximated more accurately, and which objects need not be considered at all.
In other words, how to find the objects that would contribute the most in empty volume reduction if a larger
number of MBRs were used to approximate them, given
a fixed total number of MBRs that can be allocated to
the archive. Solutions for these two problems are presented in Section 3.
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Fig. 3 Multiple MBR approximations.

nine points in Figures 2(a) and 2(b)). This representation yields the maximum reduction in empty volume, but
also the maximum number of required points, increasing
space consumption substantially. Note that these figures
depict a moving point for simplicity. In general, objects
that have extents that vary over time would require one
MBR, instead of one point, per time instant of their lifetime.
Alternatively, spatio-temporal objects can be represented using multiple MBRs per object, which is a compromise in terms of approximation quality and space requirements. For example, in Figures 3(a) and 3(b) two
smaller MBRs are used to represent each trajectory. It
is obvious that the additional MBRs increase the representation’s space requirements. It is also apparent that
there are many different ways to decompose a trajectory into consecutive MBRs, each one yielding different
reduction in empty volume. Given a trajectory and a
space constraint (imposed as a limit on the total number of MBRs), an interesting problem is to find the set
of MBRs that produces the best approximation possible, given some optimality criterion (for instance, the
minimization of the total volume of the representation).
Notice that, it is not clear by simple inspection which
are the best two MBRs for optimally reducing the total
volume of the representation of the object depicted in
Figure 3(b). Finding the optimal MBRs, given a number k, is a difficult problem. Moreover, given a collection
of object trajectories and a space constraint (as a total

This section presents the MVR-tree, a multi-version indexing structure based on R-trees. Since this structure
is an essential component of the proposed techniques, it
is presented here in detail.
Given a set of K 3-dimensional MBRs, corresponding to a total of N < K object trajectories, we would
like to index the MBRs using the MVR-tree. The MBRs
are perceived by the tree as a set of K insertions and
K deletions on 2-dimensional MBRs, since the temporal
dimension has a special meaning for this structure. Essentially, an MBR with projection S on the X − Y plane
and a lifetime interval equal to [t1, t2) on the temporal
dimension represents a 2-dimensional MBR S that is inserted at time t1 and marked as logically deleted at time
t2 .
Consider the sequence of 2 · K updates ordered by
time. MBRs are inserted/deleted from the index following this order. Assume that an ephemeral R-tree is
used to index the MBR projections S that appeared at
t = 0. At the next time-instant that an update occurs
(a new MBR appears or an existing MBR disappears),
this R-tree is updated by inserting/deleting the corresponding MBR. As time proceeds, the R-tree evolves.
The MVR-tree conceptually stores the evolution of the
above ephemeral R-tree over time. Instead of storing a
separate R-tree per time-instant — which would result
in excessive space overhead — the MVR-tree embeds
all the states of the ephemeral R-tree evolution into a
graph structure that has linear overhead to the number
of updates in the evolution.
The MVR-tree is a directed acyclic graph of nodes.
Moreover, it has multiple root nodes each of which is responsible for recording a consecutive part of the ephemeral
R-tree evolution (each root splits the evolution into disjoint time-intervals). The root nodes can be accessed
through a linear array whose entries contain a timeinterval and a pointer to the tree that is responsible for
that interval. Data records in the leaf nodes of an MVRtree maintain the temporal evolution of the ephemeral
R-tree data objects. Each data record is thus extended
to include the lifetime of the object: insertion-time and
deletion-time. Similarly, index records in the directory
nodes of an MVR-tree maintain the evolution of the corresponding index records of the ephemeral R-tree and
are also augmented with the same fields.
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The MVR-tree is created incrementally following the
update sequence of the evolution. Consider an update at
time t. The MVR-tree is traversed to locate the target
leaf node where the update must be applied. This step is
carried out by taking into account the lifetime intervals
of the index and leaf records encountered during the update. The search visits only the records whose lifetime
fields contain t. After locating the target leaf node, an
insertion adds the new data record with lifetime [t, ∞),
and a deletion updates the deletion-time of the corresponding data record from ∞ to t.
With the exception of root nodes, a node is called
alive for all time instants that it contains at least B · Pv
records that have not been marked as deleted, where
0 < Pv ≤ 0.5 and B is the node capacity. Otherwise, the
node is considered dead and it cannot accommodate any
more updates. This requirement enables clustering the
objects that are alive at a given time instant in a small
number of nodes, which in turn improves query I/O.
An update leads to a structural change if at least one
new node is created. Non-structural are those updates
which are handled within an existing node. An insertion triggers a structural change if the target leaf node
already has B records. A deletion triggers a structural
change if the target node ends up having less than B · Pv
alive records. The former structural change is a node
overflow, while the latter is a weak version underflow
[3].
Node overflow and weak version underflow require
special handling. Overflows cause a split on the target
leaf node. Splitting a node A at time t is performed by
creating a new node A0 and copying all the alive records
from A to A0 . Now, node A can be considered dead after
time t; any queries that refer to times later than t will
be directed to node A0 instead of A. To avoid having
a structural change occurring too soon on node A0 , the
number of alive entries that it contains when it is created should be in the range [B · Psvu , B · Psvo ], where
Psvu and Psvo are predetermined constants. This allows
a constant number of non-structural changes on A0 before a new structural change occurs. If A0 has more than
B · Psvo alive records a strong version overflow occurs;
the node will have to be key-split into two new nodes.
A key-split does not take object lifetimes into account.
Instead, it divides the entries according to their spatial
characteristics (e.g., by using the R*-tree splitting algorithm which tries to minimize spatial overlap). On the
other hand, if A0 has less than B · Psvu alive records
a strong version underflow occurs; the node will have
to be merged with a sibling node before it can be incorporated into the structure (Kumar et al. [28] discuss
various merging policies in detail). An improved variant
of the MVR-tree, called MV3R-tree, has been proposed
by Tao and Papadias [47]. The proposed algorithms can
be used with the MV3R-tree without any modifications.
A sample MVR-tree is shown in Figure 4. The horizontal axis represents the time dimension. Index and leaf
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nodes are shown with thick lines and are labeled with
letters. Data boxes are shaded and numbered with increasing integers in order of their insertion time. Shaded
projections of the data records on the plane are also
depicted. An actual insertion/deletion operation is depicted by a white number, while an object copy (imposed
by the MVR-tree version split policies) is depicted by a
black number. For this tree let B = 4 and Pv = Psvu =
3
2
4 , Psvo = 4 . Record 1 is inserted at time 0 and root node
A is created. Record 2 is inserted at time 4, and record
3 at time 5. Subsequently, record 3 is deleted at time 12
and record 1 at time 13. At this point node A contains
two dead entries (1 and 3) and one alive entry (2). At
time 15 record 4 is inserted and thus node A becomes
full, with two alive and two dead entries. The next update occurs at time 20 when record 5 is inserted. Since
node A is already full an overflow occurs which is handled by a version split. The alive entries (2 and 4) are
copied into the new node B. All of node A entries are updated to reflect deletion time equal to 20 (an operation
that can be avoided in practice, since the actual deletion
time of an entry can be deduced from the deletion time
of its parent). Node A is now considered dead, spanning
the time interval [0, 20). Node B is incorporated into the
tree, since no version underflow or overflow occurred. At
time 21 record 6 is inserted into the structure. Node B
becomes full, containing 4 alive entries (2, 4, 5 and 6).
Record 7 is inserted at time 25. B overflows and a version split occurs. Since all records are alive at time 25,
a strong version overflow occurs and node B is key-split
into two new nodes C and D. Node B dies covering the
time interval [20, 25). Node C and D contain 3 and 2
alive records respectively, thus they can be incorporated
into the structure. Finally, record 5 dies at time 26. It
does not cause any structural updates, since the strong
version underflow condition is met, while if record 6 or
7 had died nodes C and D would have to be merged.
3 Object Approximation Algorithms
This section presents various algorithms for deciding how
to approximate the objects contained in a spatio-temporal
archive in order to reduce the overall empty volume, improve indexing quality and thus enhance query performance. Henceforth, the optimality of an approximation
is considered only in terms of total volume reduction.
The problem can be broken up into two parts:
1. Finding optimal object approximations: Given a spatiotemporal object and an upper limit on the number of
MBRs that can be used to approximate it, find the
set of consecutive MBRs that yield the representation with the minimum volume.
2. Reducing the overall volume of a dataset given a
space constraint: Given a set of objects and a space
constraint (or, equivalently, a maximum number of
MBRs) approximate each object with a number of

6

Marios Hadjieleftheriou et al.

7

7

B
D
6

6

6

A
2
2

2

2

5

3

3

C

5

3

4

4

1

4

4

1

7
6
2

2
3

5

15

20

A

5

4

4
10

2

5

1
0

6

20

25

4
25

B

30

35

40

45

C, D

Fig. 4 A sample MVR-tree.

MBRs such that the overall volume of the dataset is
reduced.

X

Gain

3.1 Finding Optimal Object Approximations
A simple method for approximating a spatio-temporal
object using MBRs is to consider only the time instants
when its movement/shape is updated (e.g., the functional boundaries) and partition the object along these
points. Although, a few judiciously chosen MBRs are
considerably more efficient in decreasing empty volume
as shown in Figure 5 with an example. Another way
would be to let the MVR-tree split the object trajectories at the time instants when a leaf version split occurs.
The resulting MBRs could be tightened directly after
the split by looking at the raw trajectory data. Nevertheless, this technique would not yield the optimal per
object approximations, neither can it be used to approximate some objects bettern than others. In addition, it
has the added cost of reading the raw trajectory data
multiple times during index creation. Therefore, more
sophisticated approaches for finding optimal object approximations are essential.
Given a continuous time domain there are infinite
number of points that can be considered as MBR boundaries. Although, practically, for most applications a minimum time granularity can be determined. Under this assumption, an appropriate granularity can be selected according to various object characteristics. The more agile
an object is (i.e., the more complex the object movement
is), the more detailed the time granularity that needs to
be considered. On the other hand, objects that evolve
very slowly can be accurately approximated using very
few MBRs and thus a very coarse granularity in this case
is sufficient. Of course, the more detailed the granularity,

T
Fig. 5 Approximating the object using the three dashed
MBRs yields more reduction in empty volume than the piecewise approach.

the more expensive the algorithms become. A good compromise between computational cost and approximation
accuracy per object is application dependent. For ease
of exposition in the rest it is assumed that a time granularity has already been decided for a given object. Two
algorithms are presented that can be used to find the object approximation that minimizes the empty volume.
3.1.1 An Optimal Algorithm (DynamicSplit) Given
a spatio-temporal object O evolving during the interval
[t0 , tn ) that consists of n time instants (implied by the
chosen time granularity) the goal is to find how to optimally partition the object using k MBRs, such that
the final volume of the approximation is minimized. Let
Vl [ti , tj ] be the volume of the representation corresponding to the part of the spatio-temporal object between
time instants ti and tj after using l optimal MBRs. Then,
the following holds:
Vl [t0 , ti ] = min {Vl−1 [t0 , tj ] + V1 [tj , ti ]}
0≤j<i

The formula is derived as follows: Suppose that the optimal solutions for partitioning the sub-intervals [t0 , t1 ),
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Fig. 6 Iteratively finding the best representation for interval
[t0 , ti ) using l MBRs.

[t0 , t2 ), . . . , [t0 , ti−1 ) of the object using l − 1 MBRs are
already known. The goal is to find the optimal solution
for partitioning interval [t0 , ti ), using l MBRs. The algorithm sets the (l − 1)-th MBR boundary on all possible
positions j ∈ [0, 1, . . . , i − 1], dividing the object movement into two parts: The optimal representation for interval [t0 , tj ) using l − 1 MBRs, which is already known
by hypothesis, and interval [tj , ti ) using only one MBR
(Figure 6). The best solution overall is selected, which
is the optimal partition of [t0 , ti ) using l MBRs. These
steps are applied iteratively until the required amount
of MBRs k for the whole lifetime of the object [t0 , tn ) is
reached.
Using the above formula a dynamic programming algorithm that computes the optimal positions for k MBRs
is obtained. In addition, the total volume of this approximation is computed (value Vk [t0 , tn ]).
Theorem 1 Finding the optimal approximation of an
object using k MBRs (i.e., the one that minimizes the
total volume) can be achieved in O(n2 k) time, where n
is the number of discrete time instants in the object’s
lifetime.
Proof A total of nk values of the array Vl [t0 , ti ] (1 ≤
l ≤ k, 0 ≤ i ≤ n) have to be computed. Each value in
the array is the minimum of at most n values, computed
using the above formula. The volume V1 [j, i] of the object
between positions j and i can be precomputed for every
run i and all values of j using O(n) space and O(n)
time and thus does not affect the time complexity of the
algorithm.

Algorithm 1 GreedySplit
Input: A spatio-temporal object O as a sequence of n
consecutive MBRs, one for each time-instant of the
object’s lifetime.
Output: A set of k MBRs that represent O’s movement.
1: For 0 ≤ i < n compute the volume of the resulting MBR after merging Oi with Oi+1 . Store the
results in a priority queue.
2: Repeat n − k times: Use the priority queue to merge
the pair of consecutive MBRs that give the smallest increase in volume. Update the priority queue
with the new (merged) MBR.

3.2 Reducing the Overall Volume of a Dataset Given a
Space Constraint
It is apparent that given a set of objects, in order to represent all of them accurately, some objects may require
only few MBRs while others might need a much larger
number. Thus, it makes sense to use varying numbers of
MBRs per object, according to individual object evolution characteristics. This section discusses methods for
approximating a set of N spatio-temporal objects using
a given total number of MBRs K such that the total
volume of the final object approximations is minimized.
1
In the following, we refer to this procedure as the MBR
assignment process, implying that, given a set of K “nonmaterialized” MBRs, each MBR is assigned to a specific
object iteratively, such that the volume of the object
after being approximated with the extra MBR is minimized (assuming that all objects are initially assigned
only one MBR).
3.2.1 An Optimal Algorithm (DynamicAssign) Assuming that the objects are ordered from 1 to N , let M T Vl [i]
be the Minimum Total Volume consumed by the first i
objects with l optimally assigned MBRs and Vk [i] be the
total volume for approximating the i-th object using k
MBRs. The following observation holds:
M T Vl [i] = min {M T Vl−k [i − 1] + Vk [i]}
0≤k≤l

3.1.2 An Approximate Algorithm (GreedySplit) The
DynamicSplit algorithm is quadratic to the number of
discrete time instants in the lifetime of the object. For
objects that live for long time-intervals and for very detailed time granularities the above algorithm is not very
efficient. A faster algorithm is based on a greedy strategy.
The idea is to start with n consecutive MBRs (the exact representation with the given time granularity) and
merge the MBRs in a greedy fashion (Algorithm 1). The
running time of the algorithm is O(n lg n), due to the
logarithmic overhead for updating the priority queue at
step 2 of the algorithm. This algorithm gives, in general,
sub-optimal solutions.

Intuitively, the formula states that if it is known how
to optimally assign up to l − 1 MBRs to i − 1 objects,
it can be decided how to assign up to l MBRs to i objects by considering all possible combinations of assigning one extra MBR between the i − 1 objects and the
new object. The idea is similar to the one explained for
the DynamicSplit algorithm. A dynamic programming
algorithm can be implemented with running time complexity O(N K 2 ). To compute the optimal solution the
algorithm needs to know the optimal approximations per
1

Where K is implied by some space constraint, e.g., the
available disk space.
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object, which can be computed using the dynamic programming algorithm presented in Section 3.1.1. Hence,
the following theorem holds:
Theorem 2 Optimally assigning K MBRs among N objects takes O(N K 2 ) time.
Proof A total of N K values for array M T Vl [i] (0 ≤ l ≤
K, 1 ≤ i ≤ N ) need to be computed, where each value
is the minimum of at most K + 1 values for 0 ≤ k ≤ K,
in each iteration.
3.2.2 A Greedy Algorithm (GreedyAssign) The DynamicAssign algorithm is quadratic to the number of
MBRs, which makes it impractical for large K. For a
faster, approximate solution a greedy strategy can be
applied: Given the MBR assignments so far, find the object that if approximated using one extra MBR will yield
the maximum possible global volume reduction. Then,
assign the MBR to that object and continue iteratively
until all MBRs have been assigned. The algorithm is
shown in Algorithm 2. The complexity of step 2 of the
algorithm is O(K lg N ) (the cost of inserting an object
K times in the priority queue) thus the complexity of the
algorithm itself is O(K lg N ) (since it is expected that
N < K).
Algorithm 2 GreedyAssign
Input: A set of N spatio-temporal objects and a number K.
Output: A near optimal minimum volume required to
approximate all objects with K MBRs.
1: Assume that each object is represented initially using a single MBR. Find what the volume reduction V Ri,2 per object i would be when using 2
MBRs to approximate it. Store in a max priority
queue according to V Ri,2 .
2: For K iterations: Remove the top element i of the
queue, with volume reduction V Ri,k . Assign the
extra k-th MBR to i. Calculate the reduction
V Ri,k+1 if one more MBR is used for i and reinsert it in the queue.

3.2.3 An Improved Greedy Algorithm (LAGreedyAssign) The result of the GreedyAssign algorithm will
not be optimal in the general case. One reason is the following: Consider an object that yields a small empty
volume reduction when approximated using only two
MBRs, while most of its empty volume is removed when
three MBRs are used (an 1-dimensional example of such
an object is shown in Figure 7). Using the GreedyAssign algorithm it is probable that this object will not
be given the chance to be assigned any MBRs at all, because its first MBR allocation produces poor results and
other objects will be selected instead. However, if the

Marios Hadjieleftheriou et al.

algorithm is allowed to consider more than one assigned
MBRs per object per step, the probability of assigning
more MBRs to this object increases. This observation
gives the intuition on how the greedy strategy can be
improved. During each iteration, instead of choosing the
object that yields the largest volume reduction by assigning only one more MBR, the algorithm can look ahead
and find the object that results in even bigger reduction
if two, three, or more MBRs were assigned all at once.
For example, the look-ahead-2 algorithm works as
follows (Algorithm 3): First, all MBRs are assigned using
the GreedyAssign algorithm as before. Then, one new
priority queue P Q1 is created which sorts the objects
by the volume reduction offered by their last assigned
MBR (if an object has been assigned k MBRs, the object is sorted according to the volume reduction yielded
by the k-th MBR). The top of the queue is the minimum
reduction. A second priority queue P Q2 is also needed
which sorts each object by the volume that would be
reduced if it was assigned two more MBRs (if an object
has been assigned k MBRs, the object is sorted according to the volume reduction produced by k + 2 MBRs).
The top of the queue is the maximum reduction. If the
volume reduction of the top element of P Q2 is bigger
than the sum of the reduction of the two top elements
of P Q1 combined, the splits are reassigned accordingly
and the queues are updated. The same procedure continues until there are no more redistributions of MBRs. In
essence, the algorithm tries to find two objects for which
the combined reduction from their last assigned MBRs
is less than the reduction obtained if a different, third
object, is assigned two extra MBRs. The algorithm has
the same worst case complexity as the greedy approach.
Experimental results show that it achieves much better
results for the small time penalty it entails.
Algorithm 3 LAGreedyAssign
Input: A set of spatio-temporal objects with cardinality
N and a number K.
Output: A near optimal minimum volume required to
approximate all objects with K MBRs.
1: Allocate MBRs by calling the GreedyAssign algorithm. P Q1 is a min priority queue that sorts
objects according to the reduction given by their
last assigned MBR. P Q2 is a max priority queue
that sorts objects according to the reduction
given if two extra MBRs are used per object.
2: Remove the top two elements from P Q1 , let O1 , O2 .
Remove the top element from P Q2 , let O3 . Ensure that O1 6= O2 6= O3 , otherwise remove more
objects from P Q1 . If the volume reduction for
O3 is larger than the combined reduction for O1
and O2 , redistribute the MBRs and update the
priority queues.
3: Repeat last step until there are no more redistributions of MBRs.
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Fig. 7 Two MBRs yield almost no reduction in empty space, while three MBRs reduce it substantially.

4 Heuristics for Improving Performance
Methods to improve the running time of the previous algorithms and heuristics to choose the right value for the
number of total MBRs (K) are discussed next. Furthermore, we discuss how to improve the query performance
by using clustered index structures where the actual data
are stored in the data nodes of the index.

4.1 Reducing the Computational Cost
Intuitively, the most beneficial MBR allocations are the
ones that involve objects that consume considerable empty
volume. These objects can be determined in advance
by taking into account various characteristics of the object evolutions. Logically, by applying the K MBRs only
on the subset of the objects that consume most of the
empty volume, it is expected that the query performance
of the index will improve, while the computational cost
of the DynamicAssign and GreedyAssign algorithms
will be reduced significantly. In particular, by examining
each object’s movement it can be decided in advance if
it should be included in the MBR assignment process or
not.
The following heuristics are used:
1. The lifetime of an object. Short lived objects do not
introduce a lot of empty volume. Their MBRs are
short on the time dimension.
2. The total volume of the object. Objects with small
volume do not offer any opportunities for volume reduction and vice versa. Choosing an appropriate volume threshold for a given dataset depends on the
dataset characteristics, in which case sampling techniques can be used to determine an approximate value
for the average volume of the objects.
3. The object velocity. Objects that evolve rapidly consume increased empty volume per time instant (even
if they are short lived). On the other hand, objects
that are static do not introduce any empty volume.
4. Direction changes. Objects whose evolution is described by a large number of functions offer more
possibilities for empty volume reduction (since they
have large curvature, many peaks, etc.).
A simple algorithm that uses these heuristics to identify “interesting” objects is shown in Algorithm 4.

A related optimization for reducing the computational cost can be applied when specific user query patterns are known in advance. For example, if it is known
that most queries refer to specific time-intervals of the
dataset evolution, the structures can be optimized for
these intervals only. Objects that have lifetimes that do
not intersect with the time-intervals of interest can be ignored. Equivalently, assigning the K MBRs can be aimed
only towards the intervals of interest.
Algorithm 4 Identifying objects with large empty volume
Input: A set of N object trajectories.
Output: A reduced set of objects which contribute the
most in empty volume.
1: Produce a random sample S using reservoir sampling.
2: From S compute the average volume V̄ of the objects’ single MBR approximations, the average
object lifetime L̄ and the average number of
movement functions F̄ per object.
3: For each dataset object O skip the object if:
1.
2.
3.
4.

VO < τ1 V̄ or
VO < τ2 VU or
LO < τ3 L̄ or
FO < τ4 F̄
(where τ1 , τ2 , τ3 , τ4 ∈ [0, 1] are application dependent thresholds, VU the total universe volume,
VO is the object’s volume, LO its lifetime and
FO the total number of functions describing its
movement).

4.2 Reducing the Space Overhead
The algorithms discussed in the previous section take
as input the total number of MBRs and generate new
object representations with reduced volume. Thus, an
important decision before building an index is choosing
the number of MBRs that will provide a good tradeoff between query performance improvement and space
overhead. A good value for this parameter will affect the
performance of the index structure substantially. A small
number of MBRs will result in poor query performance,
while a large number of MBRs might not be necessary in
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all cases. This section gives an overview of two methods
for determining a sensible number of MBRs.
The first approach uses analytical models to predict
the performance of the index. In theory, an analytical
model for a specific index structure tries to predict the
average number of accesses that would be needed to answer a query from a random distribution without resorting to building the index first. This is accomplished by
using various dataset characteristics, like the total number of objects, the object distribution, etc. For the problem at hand, after deciding which index structure will
be used and, given a number of MBRs K, the MBRs are
assigned to the objects and essential statistics about the
resulting object approximations are estimated. Then, the
analytical model can be applied to get a prediction on
the expected query performance. This process can be repeated for a number of different Ks, until a satisfactory
prediction is produced by the model. Finally, the actual
index can be built using the best K overall.
Accurate analytical models for multi-version structures appeared in the literature recently [51]. Generally,
these models require uniform data distributions and uniform data extents (i.e., where the MBR sizes are uniformly distributed on all dimensions). Unfortunately, for
trajectory archives, even if the objects are uniformly
distributed in space and moving in a uniform fashion,
no guarantees can be made about the uniformity of the
resulting MBR approximations, after applying the proposed algorithms. In general, these MBRs can have arbitrary extents on all dimensions, making the use of analytical models problematic. Recently, Tao and Papadias
[49] proposed methods for performance analysis of Rtrees with arbitrary node extends. Although, it is not
clear if such techniques can be modified easily for the
multi-version setting.
This observation leads to a different approach, more
appropriate for spatio-temporal trajectories. A better
heuristic for estimating a good value for K is the reduction in empty volume produced. Given a set S =
{K1 , . . . , Km : Ki < Kj , 1 ≤ i < j ≤ m} of increasing numbers of K, the dataset is approximated using
all Ks and the total reduction R in empty volume is
computed in each case, where, intuitively, R(Ki+1 ) =
M T VKi [N ] − M T VKi+1 [N ]. If R(Ki ) ≈ R(Ki+1 ) for
some i, there is no reduction in empty volume from
one iteration to the next, thus the maximum number of
MBRs that will definitely be beneficial in terms of query
performance has been established; using more than Ki
MBRs is unnecessary since the objects are approximated
as well as they can be. In addition, based on the observations of Section 4.1, the algorithm can assign all K
MBRs on a small fraction of the dataset, making the
process more efficient.
The proposed algorithms are based on the fact that
the improvement in query performance is proportional
to the reduction in empty volume produced by finer approximations. Since increasing the number of MBRs re-
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duces the total empty volume, the reduction R in empty
volume as a function of the number of MBRs K, R(K) :
N → R is a monotonically increasing function. However, this function has a tight upper bound (after all
objects have been approximated exactly, i.e., with one
MBR per time-instant of their lifetime, no more reduction in empty volume can be achieved). In addition, since
MBRs are optimally assigned (or almost optimally when
using the GreedyAssign algorithms) this function follows the law of diminishing returns, eventually becoming
flat after a number of MBRs has been used. Hence:
Claim For any given spatio-temporal dataset one can
always find the point of diminishing returns of the empty
volume reduction function R(K).
Beyond that point, more MBRs are no longer beneficial
both in terms of empty volume and, as a consequence,
query performance. This conjecture is verified in the experimental evaluation.
4.3 Improving Query Performance with the Use of
Clustered Index Structures
For most indexing methods there are two factors that
contribute to the total number of disk I/Os that need
to be performed in order to answer a given query. First,
the structure has to be traversed in order to produce a
number of candidate trajectories. Then, the candidate
trajectories need to be loaded from storage in order to
verify the results. The first component is termed the index I/O, while the second is the verification I/O. An
efficient index structure needs to minimize the access
cost to the structure as well as the number of candidates that need to be retrieved. For non-clustered indices
and range queries we know that trajectories retrieved
by the index step that have at least one MBR that is
completely contained in the query region are definite answers. Therefore, in this case we only need to consider all
other candidate trajectories during the verification step.
For neareast neighbor queries, all candidate trajectories
need to be retrieved from disk, contributing one random
I/O per trajectory. Notice that, if the index stores very
fine object approximations then the number of candidates that need to be retrieved is minimized and, hence,
the verification step becomes more efficient. In contrast,
if the index stores very rough object approximations,
then it is expected that a given query will intersect with
a larger percentage of object approximations, yielding a
higher verification cost. Intuitively, for non-clustered index structures storing finer object approximations is essential for minimizing the number of random I/Os that
will eventually have to be performed.
Another alternative is to consider clustered index
structures where the data associated with every entry
of a leaf is stored sequentially on disk along with that
leaf. This enables loading the necessary data with an
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access cost at least twenty times smaller than a random I/O. In most practical scenarios it is expected that
the data associated with a leaf will occupy only a small
number of pages, thus the amortized cost per leaf verification will be equivalent to the cost of only one random access. Therefore, for the clustered index case it is
expected that the verification cost will be subsumed by
the index cost. In the given scenario, since the trajectory
archive is available beforehand, clustered indices can be
constructed without difficulty. First, a non-clustered index is created and then the structure is reorganized in
order to place sequentially on disk all data pages corresponding to every leaf. Alternatively, for the R-tree
index, bulk loading techniques can be used [29, 22].
It should be stressed here that there exist two cases
where clustered index structures are not necessary in
practice. The first case is if the objects follow piecewise
linear movements and are approximated with a number of MBRs such that each MBR encloses exactly one
line segment. In this case since every MBR essentially
represents a line segment, at the leaf level of the tree
every node can contain the actual line segment representations, such that the need to store the actual data
on separate storage is obviated. (Note here, that this article considers the more general case where objects can
follow arbitrary trajectories that are not approximated
by straight lines.) The second case is when the index
stores the exact representations of the objects. In that
case every leaf contains the actual locations of the object movements per time-instant of the objects lifetime.
In both cases the proposed algorithms combined with
a clustered index organization will still produce better
results due to improved index quality, since for the first
case the index contains excessive empty volume, while
for the second case the index has excessive size, two
drawbacks that are mitigated by wisely selected object
approximations.

5 Online Processing and Storage of
Spatio-Temporal Archives
All algorithms described so far are suited for off-line
query performance optimization. This means that the
spatio-temporal archive is already available and the techniques can apply global optimization strategies. Nevertheless, many spatio-temporal applications deal with
data that arrive as a stream of transactions in real-time.
This section gives an overview of some techniques that
can be used in combination with the algorithms proposed previously for archiving and indexing incoming
data in an online fashion, while trying to maintain improved query performance.
Imagine a sensor based system where moving agents
send alerts to a central server with location and motion
information (e.g., using a GPS device and a cellular network). The server collects incoming messages, processes
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the information and finally inserts the new data in a
spatio-temporal index [59,60,7]. Storing the history of
the movement of every object in this case can be accomplished using a bounding box based index like the
R-tree or a multi-version structure, as long as object
insertions arrive in strict temporal ordering. Since corresponding buffering policies for the MVR-tree become
more involved, for ease of exposition this discussion considers only the R-tree case.
Lets assume that objects follow linear trajectories between consecutive updates or that the object movement
characteristics are send along with the location information so that the bounding box of the trajectory inbetween the updates can be decided. A naive approach
for indexing the data on the fly would be to store incrementally all MBRs between consecutive updates for
every object. For example, a vehicle issuing one location
update per minute can be stored as a sequence of consecutive MBRs, each MBR corresponding to the extent
of the object’s movement during each minute. Essentially, this approach corresponds to a piecewise storage
scheme; no effort is made to decrease the volume and
the space requirements of object representations. In environments where object updates are sparse this solution
might work well. In most practical applications, though,
that deal with thousands of objects and very frequent
updates, this simplistic approach will result in numerous expensive index updates that will render the system
unusable. Also, multiple object copies (essentially every
update creates a copy) will deteriorate index quality substantially.
Alternatively, a better strategy would be to buffer a
large number of updates such that, by combining consecutive object movement functions into a single MBR
and by performing a batch update for all objects, the
number of index operations is reduced. A batch update
can occur whenever the buffer is full, or after a maximum
object update limit has been attained. Furthermore, it is
also possible to assign a number of MBRs judiciously between buffered objects, if necessary, in order to decrease
the overall empty volume as much as possible, before
the batch update is performed. This operation can be
thought of as the reverse of decomposing an object into
multiple MBRs given the single MBR representation, as
has been assumed throughout the rest of this article. In
this case, given a partial piecewise representation of an
object, the goal is to first combine as many pieces as
possible into a single MBR (which depends on the average object update rate and the available buffer size) and
then determine an appropriate number of MBRs such
that the total volume of the representation is reduced
substantially with respect to the initial piecewise representation, while the total number of MBRs remains
smaller or close to the initial number of updates (i.e.,
to the number of piecewise movements before grouping
occurred).
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A best effort approach can be used in this case. Assume, for instance, that a total of M objects have been
buffered so far and U updates have occurred, where
U > M (i.e., some objects have issued multiple updates).
The piecewise approach corresponds to U MBRs, one
per object update. On the other hand, by using only
one MBR per object for all consecutive updates, a total
of M MBRs are obtained. Next, a total of K = U MBRs
(or a number K proportional to U ) can be assigned to
the M objects in expectation that the total volume of the
representation will be reduced, when compared with the
piecewise approach. The number K can be determined
by maintaining essential statistics about the dataset that
has been seen so far, like the average object volume, the
average lifetime, etc. By estimating such properties for
the buffered objects, it can be decided if it is worth assigning a large or a small number of MBRs for a specific
group of buffered updates. Available disk space and the
disk space consumed so far should also play a role.
An important aspect of this technique is the number of updates that have occurred per buffer overflow.
In the worst case, if every object has issued only one update, then during the MBR assignment process a number
K > U of MBRs will need to be assigned in order to decrease the volume of the approximations with respect to
the piecewise approach (if K = U the assignment process
will yield one MBR per object which is equivalent to the
piecewise approximations), resulting in a representation
that increases the number of the indexed MBRs beyond
that of the piecewise approach. Efficiency in this case will
heavily depend on the total volume reduction attained.
In such cases, it might be sensible to skip the assignment
process and flush the objects directly to the index. If, on
the other hand, a large number of updates corresponds
to every object, then the MBR assignment algorithms
are expected to produce considerably better representations with a fewer number of MBRs (for K < U ),
when compared with the piecewise approximations. Intuitively, the number of updates per object depends both
on application characteristics (average update rate, locality of object updates, etc.) and on the total available
buffer size.
One extreme scenario occurs in situations where objects issue very frequent updates, e.g., approximately every time-instant. Clearly, in this case the objects are already represented using very fine approximations. Any
grouping strategy that tries to re-assign MBRs in order
to decrease the overall volume of an object’s representation is bound to produce minimal gain, if any. Nevertheless, in such cases it is also obvious that index update
and query performance will greatly improve simply by
grouping a very large number of updates, and decreasing
the overall number of insertions and MBRs that have to
be indexed. In this case, the total volume of the indexed
approximations increases with respect to the piecewise
approach, meaning that the number of false hits also increases during query execution, but maintaining a clus-
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tered structure in this scenario is straightforward (because historical data will never need to be modified and,
thus, can be safely stored sequentially on disk during a
batch update whenever a leaf becomes full, for a small
additional cost). Hence, it is expected that the overall
query performance will improve considerably.
Another extreme scenario occurs when object issue
extremely sparse updates, in which case a technique that
can be used to improve the update/object ratio is to pin
objects with too few updates into the buffer and apply
the algorithms only to the objects that have already issued an adequate number of updates. Eventually, the
pinned objects will have issued a sufficient number of
updates, in which case they will be removed from the
buffer and included in the MBR assignment process. In
addition, objects that have been pinned in the buffer
for a long time should also be considered for MBR assignment, since their movement will already encompass
a large number of time-instants, yielding ample approximation opportunities (long lived objects contribute to
increased empty volume). Straightforwardly, pinning objects into the buffer results in more frequent buffer overflows, and thus more frequent MBR assignment operations and tree updates. In order to alleviate this problem, if the number of buffer overflows or the total size of
pinned entries exceed a prespecified threshold, all entries
can be flushed to the tree, purging the buffer completely.
Using buffering techniques with the MVR-tree poses additional difficulties, since it is required that entries are
inserted in the tree in chronological order. For that reason, pinning objects into the buffer is not possible when
multi-version structures are considered.
By using the proposed techniques it is assured that
update throughput and query performance will improve
compared to the simple piecewise insertions, since it
can be guaranteed that the total volume of the trajectory representations will be reduced while the number of
MBRs will not grow larger. The experimental evaluation
corroborates this intuition.

6 Experimental Evaluation
In order to evaluate the techniques proposed in this article three synthetic datasets were used to run a number
of simulations. Each dataset represented a set of moving
objects following various trajectories on a 2-dimensional
universe. The simulations were run for 100 time instants
in total, resulting in three trajectory archives. The first
simulation represented a network of freeways and highways (the states of Illinois and Indiana) where every road
is a collection of connected line segments. The universe
was clipped to 500 miles in each direction and the objects followed random routes on the network, with randomly generated velocities between 10 and 90 mph selected using a skewed distribution. This dataset is referred to as FREEWAY (Figure 8(a)). Two archives
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Table 1 Dataset Statistics.

Total objects
Avg. objects
per time-instant
Avg. object lifetime
Total movement
functions
Average movement
functions per object

FREEWAY

OLDENBURG

ATTRACTOR

400K/100K

150K

400K/100K

400K/100K
100
9,548,302/2,039,329

83K
55
8,312,267

400K/100K
100
1,283,464/214,406

23.8/20.3

55.4

3.2/2.1

were used, containing 100,000 and 400,000 trajectories
each. For the second simulation a trajectory archive was
gathered by using the road network generator introduced
by Brinkhoff [6] on the city of Oldenburg with 10 object
classes, 5 external object classes, 10,000 initial objects
and 1,000 new objects per time-instant. This archive
consists of 150,000 trajectories in total and is referred
to as OLDENBURG (Figure 8(b)). Finally, for the last
simulation objects were initially positioned using a skewed
distribution and let to randomly select one out of five
fixed destinations with a preset probability. The destinations “attracted” and eventually “repulsed” the objects,
which had to choose a new destination to go to. The objects followed movements that represent combinations
of polynomial functions of 1st and 2nd degrees. Objects
were forced to update their movement every 30 timeinstants by changing their velocity or the coefficients
of their movement, but making sure that they always
headed towards the same destination. Object velocities
were chosen at random using a uniform distribution. The
purpose of this archive is to illustrate the efficiency of
the proposed techniques for non-linear, random movements. This dataset is referred to as ATTRACTOR
(Figure 8(c)). Table 1 summarizes various archive characteristics 2 . The final object trajectories were normalized in the unit square and stored as piecewise segments
of polynomial functions along with the time-interval corresponding to every segment. The proposed algorithms
were used to perform scaling and performance evaluation
tests. All experiments were run on an Intel Pentium III
1GHz processor, with 512 Mbyte of main memory.
In the rest of this section, in order to have consistent
scales in the graphs, the number of allocated MBRs K
is expressed as a percentage of the total number of objects N contained in the dataset. More specifically, when
S
referring to S% MBRs, K = N + 100
N MBRs are used
in total to approximate the dataset. Intuitively, this parameter cannot be varied for the piecewise approaches.
Although, in order to make comparisons easier between
various techniques, the piecewise approaches appear in
the same graphs, but the horizontal axes do not apply
for them.
2

The generators can be downloaded from [18].

6.1 Evaluation of DynamicSplit and GreedySplit
Algorithms
An experimental evaluation of the DynamicSplit and
GreedySplit algorithms in terms of computational cost
as well as efficiency (reduction in empty volume) was
conducted. For simplicity, a fixed time granularity of 1
time instant was set for all objects, which is the finest
granularity available for the generated datasets. Varying
the granularity to coarser levels would have a positive effect on the cost of the approximation algorithms, while
the effect on index performance would be similar to the
effect of reducing the approximation accuracy by reducing the total number of allocated MBRs. Thus, coarser
time granularity levels are not considered in this experiment.
The efficiency of the algorithms was evaluated by assigning from 10% to 300% MBRs on all datasets. A total
of K MBRs were assigned to the objects using the DynamicAssign algorithm twice: The first time using the
DynamicSplit and the second time the GreedySplit
algorithm for approximating all objects before the assignment process. Figure 9(a) plots the computational
cost required by the two algorithms in order to approximate all objects, when using the 100K FREEWAY
dataset. Figure 9(b) shows the efficiency of the algorithms in terms of reducing the total empty volume,
for the same dataset. More specifically, the graph plots
the total volume reduction of the approximated objects
as a percentage of the total volume of the original objects. It can be seen from these graphs that even though
GreedySplit is much faster than DynamicSplit (111
times faster), the reduction in empty volume is very close
to the optimal for any given K. The same behaviour was
observed for the rest of the datasets. For ease of exposition, the results for the experimental evaluation using
the GreedySplit algorithm will be presented only.

6.2 Evaluation of MBR Assignment Algorithms
Various properties of the DynamicAssign, GreedyAssign and LAGreedyAssign algorithms were evaluated.
In particular, the scaling behaviour of the algorithms
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Fig. 9 Comparison of approximation algorithms using a FREEWAY dataset with 100,000 objects.

was observed using increasing numbers of objects and
approximation accuracy. The approximation and assignment algorithms require one full database scan in order
to compute the best approximation per object. Since the
overhead of this step occurs only once before building the
index, it can be considered as an off-line amortized cost,
and for that reason it is not considered further in the
following experiments.
First, 10% up to 300% MBRs were assigned on the
100K FREEWAY dataset using the three algorithms.
Then, the computational cost of every approach was
measured. Figure 10(a) plots the corresponding results.
The two greedy approaches were very efficient, with LAGreedyAssign being slightly slower than GreedyAssign. DynamicAssign was 126 times slower than LAGreedyAssign for 300% MBRs (it is clipped in the
graph in order to preserve detail). The efficiency of the
algorithms in terms of the total volume reduction is
shown in Figure 10(b). LAGreedyAssign was within
at most 5% difference from the optimal algorithm in all
cases. The GreedyAssign algorithm was within 10%
difference for 300% MBRs. The small time penalty of
LAGreedyAssign is outweighed by the total volume
reduction, when compared with GreedyAssign. Similar remarks can be made for the other datasets. For
the rest of the experiments only the results for the LAGreedyAssign algorithm are presented.

6.3 Performance Evaluation of Index Structures
All datasets were indexed using the 3-dimensional R*tree and the MVR-tree approaches. Both indices were
converted to clustered structures off-line, by storing the
raw data associated with every leaf sequentially on disk.
Moreover, for completeness a piecewise approximation
technique was also considered where every trajectory
was represented as a set of MBRs, one MBR per movement function of the trajectory (notice that a trajectory may consist of a single movement function for the
whole lifetime of the object on one extreme, and of up
to one movement function per time-instant of the object’s lifetime on the other extreme; for the datasets
at hand the average number of functions per object is
shown in Table 1. Notice that the piecewise structures
indexing objects that follow linear movements are essentially clustered structures. Although, for non-linear
piecewise movements like the ATTRACTOR dataset,
these structures have to be converted to clustered indices, as well. It is apparent that the piecewise approximation has space utilization that is dataset dependent.
The resulting number of MBRs cannot be tuned, thus
the space required for a piecewise index is predetermined. It is expected that the efficiency of this approach
will highly depend on core dataset characteristics, like
the average number of movement functions per object
and the average volume consumed per movement func-
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Fig. 10 Comparison of MBR assignment algorithms using a FREEWAY dataset with 100,000 objects.

tion. On the other hand, the proposed algorithms provide the capability to tune the size of the structures according to given space constraints while, at the same
time, guaranteeing good query performance irrespective
of such dataset properties. It should be added here that
indexing the exact object representations (one point per
time-instant of an object’s lifetime) was not considered
since the sizes of such indices would be excessive for
the larger datasets (e.g., 40,000,000 points vs. 1,200,000
MBRs), except only for the OLDENBURG dataset where
the piecewise approximation coincides with the exact
representation by construction of the dataset, since all
objects report their position and movement function for
every time-instant of their lifetime.
In order to evaluate the query performance of the
structures, various period range query workloads containing 1,000 queries each were generated uniformly at
random. The query area was fixed to 1% of the universe
with small period queries corresponding to time ranges
of 1 or 2 time instants, medium to 10 time instants and
large to 30 time instants.
First, a series of increasing numbers of MBRs were
assigned to all datasets using the LAGreedyAssign
algorithm. Then, the resulting MBRs after each round
were indexed using both structures. The piecewise structures were created as well. The page size was set to
4 Kbytes for all datasets and all indices. A 10 page
LRU buffer was used which was reset before the execution of every query. In addition, for the MVR-tree
the minimum alive records per node parameter was set
to Pversion = 0.22, the strong version overflow parameter to Psvo = 0.8 and the strong version underflow to
Psvu = 0.4. Also, the objects were first sorted by insertion time. For the R*-tree objects were inserted in
random order but the time dimension was scaled down
to the unit range first, as suggested by Tao and Papadias [47]. The time dimension extent has no significance
for the MVR-tree structures since the multi-version approach clusters the data independently on the time dimension.
Figures 11, 12 and 13 plot the results for the 400K
FREEWAY, 150K OLDENBURG and 400K ATTRAC-

TOR datasets for random workloads of small period
range queries. A detailed exposition of the results for
the FREEWAY dataset is given first. Then, the results
for the rest of the datasets are presented. Similar results
were obtained for the 100K datasets and, thus, the corresponding graphs are omitted.
Figure 11(a) plots the size of the FREEWAY structures given a wide range of object approximations, from
10% up to 300% MBRs (this graph includes only the
actual size consumed by the index structures, excluding
the data pages that contain the raw trajectories). For
ease of exposition the sizes of the piecewise R-trees and
MVR-trees are plotted in the same graph (and for subsequent graphs). In what follows, the piecewise approaches
are referred to as pw-R-tree and pw-MVR-tree, while for
the rest of the trees the terms R-tree and MVR-tree are
used, respectively. It can be observed that pw-R-tree and
pw-MVR-tree have at least 2.5 and 4.4 times larger sizes
than an MVR-tree with judiciously chosen approximations. It is also clear that the MVR-tree is at most twice
as large as a corresponding R-tree (i.e., an R-tree that
indexes the same number of MBRs) in the worst case.
The tree sizes of the piecewise approaches are large due
to the large number of movement functions, as can be
seen in Table 1. Indicatively, for this dataset 9,548,302
MBRs correspond to 2,387% MBRs being assigned using the proposed algorithms, in order to produce R-trees
and MVR-trees of comparable sizes.
Figure 11(b) plots the average I/O cost for producing
the exact answer to a small period query. As expected,
increasing the approximation accuracy has a negative
effect on the R-trees and a positive effect on the MVRtrees. In this case it is clear that the pw-MVR-tree performs the least amount of I/Os. Although, it is expected
that by increasing the allocated number of MBRs, the
MVR-tree will achieve similar performance. In order to
understand which structure provides the largest benefits, it is important to take into account the queryefficiency vs. space tradeoff characteristics, all together.
Figure 11(c) plots the improvement in query efficiency
as a function of the space overhead imposed by the finer
object approximations, when comparing the MVR-tree
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with the best overall R-tree, which in this case is the
one with 0% MBRs (i.e., the single MBR trajectory approximations). For consistency, the piecewise structures
along with their space requirements are shown in the
same graph (the straight lines and their corresponding
space overhead labels). It can be deduced that the MVRtree offers a 20% improvement in I/O for 9 times larger
space, while the pw-MVR-tree offers 40% improvement
for 36.5 times larger space. Following the trend one can
forecast that the MVR-tree will achieve the same performance for 11 times the space.
The results for the OLDENBURG dataset are presented in Figure 12. Figure 12(a) plots the structure
sizes. As already mentioned, by construction in this dataset
the objects update their movement characteristics on every time-instant. Hence, the piecewise approaches correspond to one MBR per location per time-instant, yielding very large index sizes that are equivalent to structures indexing the exact object representations (i.e., one
point per time-instant of an object’s lifetime). On the
other hand, the MVR-trees in this case are at most 3
times larger than the corresponding R-trees, for equal
numbers of allocated MBRs.
Figure 12(b) plots the efficiency of the structures in
terms of the average number of I/Os needed to answer a
small period query. Once again, it can be deduced that
the MVR-tree benefits from an increased number of judiciously assigned MBRs, in contrast with the R-tree.
It is also apparent that the performance of the 300%
MVR-tree is very close to that of the pw-MVR-tree.
Figure 12(c) plots the improvement in efficiency as a
function of space utilization, when compared with the
0% R-tree (which is the best R-tree alternative in this
case). The added benefits of using the proposed algorithms are clearly illustrated in this graph. The MVRtree can achieve substantial improvements in I/O cost
(up to 63% fewer I/Os than the R-tree) for even a small
increase in extra space. Moreover, it can achieve better
performance than pw-MVR-tree for less than one twelfth
of the space.
Finally, the results for the ATTRACTOR dataset
are shown in Figure 13. As can be clearly seen in Figure
13(a), the sizes of the structures follow similar trends
with the previous datasets. The MVR-trees are at most
2.5 times larger than the corresponding R-trees, for the
same number of allocated MBRs. The piecewise indices
are smaller in size in comparison with the previous datasets
since, as can be seen in Table 1, the total number of functions for the ATTRACTOR dataset is small.
Figure 13(b) plots the average number of I/Os needed
by each structure in order to answer small period queries.
The MVR-tree performance is the best overall for this
dataset, as well. Surprisingly, the performance of the Rtree improves with increasing number of MBRs, contrary
to the observed behaviour in the previous datasets. Intuitively, a small increase in the number of indexed objects is outweighed by the total volume reduction offered
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by the finer approximations, in this case. Figure 13(c)
plots the overall efficiency/space tradeoff of the structures, when compared with the 300% R-tree which is
the best R-tree alternative for this dataset. Yet again,
the MVR-tree enables to tune the performance of the
structure according to the available space resources, by
providing the best performance tradeoff overall.
6.4 Evaluation of Query Workloads With Larger
Temporal Extents
The proposed techniques were also tested using medium
and large period query workloads. The results are shown
in Figure 14 for all datasets. Even for medium period
queries it can be claimed that the MVR-tree performance is comparable to that of the best R-tree. Especially for the OLDENBURG dataset the MVR-tree
can still achieve up to 20% performance improvement
making it the best choice overall. For the ATTRACTOR dataset the 300% MVR-tree achieves substantial
benefit for small queries and comparable performance
for medium queries in comparison with the best R-tree,
making it a desirable candidate for a wide range of queries.
6.5 Evaluation of Computational Cost Reduction
Heuristics
This section presents an evaluation of the heuristics proposed for reducing the computational cost associated
with the MBR assignment algorithms. In this experiment a number of trajectories were excluded from the
assignment process according to various dataset properties. Results are presented for the FREEWAY dataset.
Similar behaviour was observed for the rest of the datasets.
In this particular case an object was excluded from the
assignment process if the volume of its single MBR approximation was less than the average single MBR object
volume. The lifetime of the objects was not taken into account since for the FREEWAY dataset all objects have
the same lifetime, equal to the total simulation length.
This yielded a total of 50% of the objects being excluded.
It can be inferred from Figure 15 that the heuristics help
reduce the computational cost in half, while the biggest
percentage of empty volume is removed.
6.6 Identifying the Approximation Accuracy Curve
The total volume reduction yielded by the finer object
approximations is a good indicator for identifying the
ideal number of MBRs that need to be assigned to a
given dataset in order to tune the MVR-tree performance. Figure 16 plots the total volume reduction as a
percentage of the total volume of the single MBR object
approximations, for various MBR numbers (depicted as
Reduction and corresponding to the right axis on the
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Fig. 11 Experiments using a FREEWAY dataset with 400,000 objects.
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Fig. 15 Evaluation of optimizations for reducing the computational cost of MBR assignment algorithms.

graphs). It can be observed from these plots that the
volume reduction curve follows closely the query performance curve of the MVR-tree approach for all datasets,
which validates the conjecture. If the volume reduction
curve is known, then the query performance for an MVRtree can be estimated, and thus an adequate number of
MBRs can be decided in advance.
6.7 Evaluation of The Online Assignment Algorithm
The last experiment evaluated the efficiency of the online MBR assignment algorithm. Buffer sizes ranging between 16 Kbytes and 10 Mbyte were tested, and the
following buffering policy was used: If the elapsed time
between two consecutive updates was less than 10 timeinstants, the object was pinned in the buffer. Pinned objects remained in the buffer in-between buffer overflows.
The intuition behind this is to allow objects to span an
adequate amount of time-instants before being inserted
into the index. Object updates corresponding to more
than 10 time-instants were included in an MBR assignment process as soon as the buffer became full, in order
to decrease the volume of their representation before inserting them into the index. The total number of MBRs
assigned to these objects was equal to 5% of the total
time-instants spanned by the objects. Essentially, this
implies that every 100 time-instants of an object’s lifetime, the object would be assigned a total of 5 MBRs, on
average. If the pinned objects occupied more than 50%
of buffer space, then an assignment process between all
objects was performed and the buffer was purged.
Results for the ATTRACTOR dataset are shown in
Figure 17. The performance of the piecewise approach is
also depicted in the graphs. The piecewise approach corresponds to the simplest policy, where object updates
are directly inserted in the index as they arrive, without trying to re-assign any MBRs. Figure 17(a) plots
the final size of the structures. In general, the number
of MBRs allocated during each assignment process can
be tuned in real-time in order to keep the size of the
index (i.e., the total number of MBRs) smaller or close
to the piecewise approach. In this experiment we aimed

at achieving an almost fixed index size. Figure 17(b)
depicts the index I/O performance using various buffer
sizes. It is clear that the structures using intelligent MBR
allocations outperform the piecewise approach, yielding
14% fewer query I/Os in the best case. It is also clear
that 512 Kbytes buffer size is adequate in this case to
achieve the best performance. Although, this structure
has slightly higher space requirements than the structure
corresponding to the 1 Mbyte buffer. Larger buffer sizes
do not improve MBR allocations substantially, meaning
that 512 Kbytes is adequate given the objects/update
ratio in this case. Finally, Figure 17(c) plots the total volume reduction achieved using various buffer sizes,
when compared with the total volume of the piecewise
approach. All buffer sizes achieve approximately close
to 40% volume reduction. In the same graph, the total
number of MBRs allocated in each case are also shown.
Clearly, by using a larger buffer the same volume reduction is achieved by assigning a smaller number of MBRs.
Figure 18 presents the results for the OLDENBURG
dataset. The online buffering policies shine in this particular example. By construction, the OLDENBURG
dataset issues one update per object per time-instant.
As can be seen in Table 1 an average of 83,000 objects
per time-instant are alive in this dataset, which straightforwardly implies that on average 83,000 updates per
time-instant are expected to enter the buffer. It is evident that the piecewise index will have the minimum
possible empty volume and the maximum possible number of MBRs. Intuitively, due to the very large number
of indexed copies it is expected in this case that the
performance of the piecewise index could be improved
by using less space and indexing fewer MBRs. This can
be accomplished easily by combining consecutive object
updates into single MBRs using the online buffering policies. It is also expected that larger buffer sizes will furnish increased space benefits without affecting query performance, since the buffer will be able to hold a larger
number of consecutive object updates.
Figure 18(a) shows that, indeed, the size of the structure decreases considerably when larger buffer sizes are
used. Figure 18(b) confirms that query performance im-
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Fig. 17 Online experiments using an ATTRACTOR dataset with 400,000 objects.

proves, as well. The improvement attained is up to 77%
in the best case. Finally, Figure 18(c) plots the empty
volume reduction for each tree when compared with the
piecewise approach. Evidently, the empty volume increases,
as anticipated, but the total number of MBRs that need
to be indexed decreases considerably.
7 Related Work
Spatio-temporal data management has received increased
interest in the last few years and a number of interesting
articles appeared in this area. As a result, a number of
new index methods for moving objects have been developed.
Güting et al. [16] discussed the fundamental concepts
of indexing spatio-temporal objects. Kollios et al. [26]
presented methods for indexing the history of spatial
objects that move with linear functions of time. The
present article is an extension of this work for arbitrary movement functions. Porkaew et al. [39] proposed
techniques for indexing moving points that follow trajectories that are combinations of piecewise functions.
Two approaches were presented: The Native Space Indexing, where a 3-dimensional R-tree was used to index
individual segments of the movement using one MBR
per segment (what was referred to in this article as the
piecewise approach), and the Parametric Space Indexing, which uses the coefficients of the movement func-

tions of the trajectories to index the objects in a dual
space (where only linear functions can be supported by
this approach), augmented by the time-interval during
which these movement parameters were valid, in order to
be able to answer historical queries. A similar idea was
used by Cai and Revesz [9]. The present work indexes
the trajectories in the native space — being able to support arbitrary movement functions — and is clearly more
robust than the piecewise approach in terms of selecting a query-efficiency vs. space tradeoff. Aggarwal and
Agrawal [2] concentrated on nearest neighbor queries
and presented a method for indexing trajectories with
a special convex hull property in a way that guarantees
query correctness in a parametric space. This approach is
limited to specific classes of object trajectories and is targeted for nearest neighbor queries only. Pfoser et al. [38]
introduced the TB-tree which is an indexing method for
efficient execution of navigation and historical trajectory
queries. TB-trees are optimized for trajectory preservation, targeting queries that need the complete trajectory information to be retrieved in order to be evaluated,
in contrast to conventional range and nearest neighbor
queries that need to acquire only partial information. Finally, Zhu et al. [61] proposed the Octagon-Prism tree
which indexes trajectories by using octagon approximations. The Octagon-Prism tree is mostly related to the
TB-tree. Other issues concentrating on comparison and
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Fig. 18 Online experiments using an OLDENBURG dataset with 150,000 objects.

similarity of trajectories were discussed by Vlachos et al.
[58] and Meratnia et al. [31].
A number of techniques for approximating 1-dimensional
sequences have appeared in time-series research. Faloutsos et al. [15] presented a sliding window technique for
grouping streaming values into sets of MBRs in order to
approximate the time series and reduce the size of the
representation. Keogh et al. [23] presented similar algorithms to the ones discussed here for segmenting timeseries consisting of piecewise linear segments in an online fashion.
The problem of approximating piecewise linear 2dimensional curves is of great importance in computer
graphics and has received a lot of attention from the field
of computational geometry as well, for at least the past
thirty years. Kolesnikov [24] presents a concise analysis of all the algorithms that have been proposed in the
past, including dynamic programming and greedy solutions like the ones discussed here. The pivotal work on
this problem was introduced by Douglas and Peucker [12]
and Pavlidis and Horovitz [37]. This work exploited these
algorithms in 3-dimensional spaces and also introduced
new algorithms for distributing a number of MBRs to a
set of 3-dimensional curves.
Methods that can be used to index static spatiotemporal datasets include [10,56, 33,47, 54,26]. Most of
these approaches are based either on the overlapping [8]
or on the multi-version approach for transforming a spatial structure into a partially persistent one [13, 30, 3,57,
28, 44]. Finally, a number of spatio-temporal data generators have been proposed recently [55, 41, 6], and we
used some of them in our experiments.

approximate each object using single MBR approximations and then use a multi-dimensional spatial access
method. However, this approach is problematic due to
excessive empty volume and overlap. This article considers the use of finer object approximations in combination
with a multi-version indexing scheme in order to reduce
empty volume and overlapping and improve query performance. Algorithms for finding the optimal object approximations in terms of empty volume reduction are
presented. In addition, various methods for assigning
a given number of MBRs to a set of objects in order
to minimize the overall volume are introduced. Moreover, two optimizations for reducing the computational
cost of the proposed algorithms are proposed. Various
heuristics for finding an appropriate number of MBRs
for approximating a dataset by achieving a good tradeoff between query performance improvement and volume
overhead are discussed. Finally, the online version of the
problem is introduced and various methods for improving the overall index quality are presented. Experimental results validate the robustness of all techniques. The
combination of the proposed algorithms and the MVRtree can achieve substantial speed-up and introduce an
easily quantifiable query efficiency vs. space utilization
tradeoff. Future work should focus on the online version
of the problem, where the individual characteristics of
spatio-temporal applications make the problem of creating robust indices that preserve historical information in
an online manner challenging. In particular, it would be
interesting to explore how dynamically evolving object
update distributions can be detected in order to tune
buffering policies automatically in real-time.

8 Conclusions
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