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ABSTRACT

Position data is expected to play a central role in a wide
range of mobile computing applications, including
advertising, leisure, safety, security, tourist, and traffic
applications. Applications such as these are
characterized by large quantities of wirelessly Internet-
worked, position-aware mobile objects that receive
services where the objects’ position is essential. The
movement of an object is captured via sampling,
resulting in a trajectory consisting of a sequence of
connected line segments for each moving object. This
paper presents a technique for querying these
trajectories. The technique uses indices for the
processing of spatiotemporal range queries on
trajectories. If object movement is constrained by the
presence of infrastructure, e.g., lakes, park areas, etc.,
the technique is capable of exploiting this to reduce the
range query, the purpose being to obtain better query
performance. Specifically, an algorithm is proposed that
segments the original range query based on the
infrastructure contained in its range. The applicability
and limitations of the proposal are assessed via empirical
performance studies with varying datasets and
parameter settings.
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years will bring about large quantities of online, position-aware
mobile objects [1]. Such objects include mobile-phone terminals, a
diverse range of personal digital assistants, electronic clothing, and
various kinds of vehicles. Estimates are that by the year 2003, there
will be 500 million users of mobile-phone terminals [6]. US law
will soon require that mobile phones be position aware. A
wristwatch with GPS is already available to consumers.

The human users of these objects will employ a range of services
made available to them via the Internet that use position data as an
essential ingredient. For example, humans wearing smart suits and
engaged in action sports may receive warnings of impending
dangers, and emergency support may be dispatched when a suit
senses that its wearer is in distress.

In order to provide this type of functionality, the services receive

samples of the position of each moving object, which enables them
to construct a trajectory for each object that represents the object’s
movement. Trajectories are also termed polylines and consist of
connected line segments. Manipulating and querying these
representations of movements in space and time is inherently
challenging. The amount of collected data is proportional to the

elapsed time. In connection with this new type of spatiotemporal
data we have to consider new types of queries [16] when designing
new indexing techniques and query processing algorithms.

Generally, applications dealing with moving objects may be
grouped according to their threemovement scenariosWe
distinguish amongunconstrained movemenfvessels at sea),
constrained movemenftcars, pedestrians), andhovement in
networks(trains and, in some cases, cars). The latter category is an
e%bstraction of constrained movement, i.e., for cars, one might be
only interested in their position with respect to the road network,
rather than in the absolute coordinates. The movement effectively
occurs in a different space than for the first two scenarios. All three
scenarios may apply to mobile users, since mobile terminals can
géist in cars, ships, trains, or can in general be hand held devices.

such as processors, storage media, graphical displays, positioniDgjects that constrain movement are terrmdastructure For
systems, and wireless communications promise that the comimgoving cars, examples of infrastructure are buildings, lakes, and
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pedestrian zones, but also roadblocks, or slow-moving traffic.
From the above examples one can see that infrastructure can be
categorized as well. The simplest typesiatic infrastructure, i.e.,
spatial objects that exist and do not change “throughout time.”
Conversely, infrastructure may dgnamic,n which case elements
may appear and disappear (road blocks), as well as change
throughout their existence (slow-moving traffic).

In this work, we devise a new technique that utilizes infrastructure
when processing spatiotemporal range queries in constrained-
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movement scenario3o obtain a first assessment of this approachnot answer queries about the objects' movements at times in-
we only consider static infrastructure. We base our approach onbatween sampled positions. Rather, to obtain the entire movement,
two-step technique used in spatial query processing that utilizes ae have to interpolate. The simplest approach is to use linear
index containing approximations of the data. In consideringnterpolation, as opposed to other methods such as polynomial
infrastructure, we introduce an additional pre-processing step Bplines [2]. The sampled positions then become the endpoints of
which we do not actually query the trajectory data itself, but théne segments of polylines, and the movement of an object is
infrastructure. A spatiotemporal range query, QW, is executerepresented by an entire polyline in three-dimensional space. In
against the infrastructure. Depending on this result, quergeometrical terms, the movement of an object is termed a
processing may stop here, i.e., QW is totally covered byajectory (we will use “movement” and “trajectory”
infrastructure, or QW is segmented into a set of smaller quempterchangeably). The solid line in Figure 1 represents the
windows, qwi, which are either used for querying the trajectorynovement of a point object. Space (x- and y-coordinates) and time
data, or, alternatively, the original range query is used. For queare combined to form a single coordinate system. The dashed line
window segmentation, we devise an algorithm that takes thghows the projection of the movement on the two-dimensional
infrastructure and spatiotemporal range query, QW, as argumemgtane [13]. Figure 2 shows the spatiotemporal data space (the cube
and returns a set of smaller query windows, gwi. An importanin solid lines) and several trajectories (the solid polylines). Time
characteristic to be considered in the segmentation process is theves in the upward direction, and the top of the cube is the time
shapes of the resulting query windows. Kamel and Faloutsos [Bf the most recent position sample. The wavy-dotted lines at the
discuss a formula to predict R-tree performance for a unifortop symbolize the growth of the cube with time. Interpolating
spatial dataset and implicitly devise the shape of an optimal quetsajectories raises questions on the uncertainty associated with a
window as well. It turns out that square query windows argarticular representation [13].

preferable over elongated, rectangular ones. Consequently, the

algorithm devised aims to produce query rectangles that are as pen P

square as possible. -

Previous work exists towards processing multiple query windows. J
Papadopoulos and Manolopoulos [12] discuss an approach in (P

which they use a Hilbert ordering of the query windows and an
LRU-buffer in connection with indexing. This work is based on

previous work on multiple query optimization [17]. Leutenegger g L
and Lopez [7] describe a model to predict R-tree performance 3 =
when using buffering. Their approach is based on the prediction of o e
R-tree performance presented in [5]. In this paper, we adapt the T o

approach of Papadopoulos and Manolopoulos [12] to process the

set of segmented query windows, qwi. Figure 1: A moving point object trajectory

To the best of our knowledge, no other work exists that uses query
window segmentation based on structural information, i.e., 2 7 @ B
infrastructure, to reduce the query processing cost.

The outline of the paper is as follows. Section 2 describes
trajectories and infrastructure in more detail. Section 3 gives the -
new query processing technique. This includes a discussion of the
shapes of query windows and a presentation of the query window

segmentation algorithm. Section 4 presents the performance study == # i

for various types of trajectories and infrastructure. Section 5 offers o L ¥ ®Tr

conclusions and research directions. =

2. MOVING OBJECTS AND Figure 2: A spatiotemporal space with several trajectories
INFRASTRUCTURE

This section briefly introduces spatiotemporal data in the form 0?.2 Infrastructure )
trajectories, and it introduces infrastructure, which we will take tdnfrastructure elements obstruct the movements of objects. As we

refer to static objects that constrain movement. saw previously, depending on the type of the moving object, what
constitutes infrastructure might change. Figure 3 gives an example
21 Trajectories of trajectories affected by infrastructure. The five images represent

) temporal snapshots of the trajectories, i.e., slices of a cube such as

their positions at all times, or better, on a continuous basig;STD tool [15].

However, current technology only allows us to sample an object’s

position, i.e., to obtain the position at discrete instances of tim&VIth respect to indexing, trajectories pose a serious challenge. By
such as every few seconds using an R-tree like access imed, we approximate the objects to

be indexed. Approximating a line by a Minimum Bounding Box

A first approach to represent the movements of objects would be {MBB) introduces a large amount of so-called “deasceg’ This
simply store the position samples. This would mean that we could
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Figure 3: Moving object snapshots and infrastructure

means that even in areas where there are no trajectories, the indtE@rastructure. We obtain a set of smaller query windows, gwi, and
“believes” that there are. processing them is (ii) beneficial, or (iii) is not beneficial, in

In terms space and where movement can occur, infrastructu?gmparison to processing the original query window. Beneficial in

represents “black-out” areas, meaning that there are no trajectorfgdS Context is defined as a lower number of page accesses needed
to index where there are infrastructure elements. However, becad@ePr0cess the query.

of dead space, those areas are not empty in the index and will incline technique for processing spatiotemporal range queries
unnecessary search in the index as well as produce a cert@inolving infrastructure thus comprises the following three steps.
number of falsely reported answers, which must subsequently be 1
eliminated. Both lead to extra 1/0O operations and thus negatively '
affect performance. To eliminate this extra 1/0, we can use ) ) )
infrastructure in a pre-processing step, i.e., why should we look for 2- Querying the index depending on the outcome of step 1

Segmenting the original query window, QW, into a set of
smaller query windows, qwi.

objects, where there cannot be any? The strategy we choose is to to retrieve a candidate set of solutions.
query the infrastructure to save on querying the trajectory.data 3. Evaluating all objects contained in the candidate set of
Overall, this will turn out to be favorable, since the number of solutions.

infrastructure elements can be assumed to be very small compatlec()j efficiently process step 1. we can index the infrastructure
to the trajectory data. Further, the trajectory data is growing with y P b <

) i . - elements by using a spatial accesshoetsuch as the R-tree.
time, whereas the size of the infrastructure data remains more or . o ) .

- . - Furthermore, assuming that the entire infrastructure is known in
less constant. In the following, we devise a query processi

; : . . Ing’dvance, we can even bulk load such an index (cf. [5]).
strategy to include infrastructure in a pre-processing step.

3. QUERYING MOVING OBJECT DATA 3.2 Query Window Split Algorithms

. . . . An essential part of the three-step technique involves the
Trajectories and the relevant queries require new query processing - . .
segmentation of the query window. Before we can devise an

techniques. In previous work, the focus was on the design of nengorithm for this task, we have to establish what is an optimal
access mébds [16]. In the following, we devise a new query

processing technique, which is based on techniques known frogic Y wmtjow, l"e". r\:‘/h'ch sfhages of query windows should this
spatial databases. segmentation algorithm aim for~

3.2.1 The ldeal Query Window

3.1 Three-Step Query Processing , .
. . . Kamel and Faloutsos [5] derive a formula to determine the number
In spatial databases, a two-step technique is used to process

queries. Using approximations of the real spatial objects in th@f disk accesses needed to process an arbitrary range query

index (minimum bounding rectangles (boxes), MBR (MBB))Their formula assumes an R-tree based index, but is independent of
requires filtering out false drops from the set of solutions we obtaia particular construction method. It is assumed that the centroids of
after processing a query through the index. In many cases, the ra#l query ranges are uniformly distributed over the data space,

spatial entities in the database have to be examined to deci@ifiich is the unit square. The number of disk accesBesior a

whether they belong in the final result [3]. query window, g; with extents g, and Oy in the respective

Section 2.2 states that where there is infrastructure there cannot he . . ted as foll
any moving objects. A query window might range over IMENSIONS, IS computed as Tollows.
infrastructure, thus requiring us to query “empty space_hd)uk:l P(qy. Gy) = Total Area+ g, 0L, + q, DL+ NOg Og, (1)
be noted that a query window ranges over two spatial and one
temporal dimension. We use infrastructure only to limit the twdn Formula (1), Total Area denotes the sum of all the areas of the
spatial dimensions. The temporal dimension remains unaffected.
p p nodes of the tree, antl, and Ly are the sums of the andy

We extgnd the two-step techniqug to include an aglditional Presvients of all the nodes in the index.
processing step, terrmed query window segmentation. We only ) ) ) o

want to consider those parts of the query window, QW, not ranginb]‘ our case, the assumption that the data is uniformly distributed
over infrastructure. The outcome of this step can be either one @Yer the whole data space does not hold because of the
the following three cases. In case (i) the set of segments is emptjfrastructure. Still, if we assume that the data is uniformly
we stop processing the query since it only ranges over
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distributed in the data space not occupied by infrastructure, we can
use the above formula as a first approximation.

What we can see from Formula (1) is the importance not only of
minimizing the area of the query window, but its perimeter as wellf‘ N2
Having two query windows with the same aerial extent, the on 1
with the smaller perimeter requires fewer disk accesses. The shape
that minimizes its perimeter for a given area size is the square. | A'—/I
Consequently, what we can derive for the query segmentation A T| S3 2 1S4
algorithm is that the resulting shapes should resemble a square as
much as possible. Similar results on the shape of a query window
were reported by Pagel et al. [10].
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3.2.2 Segmentation Algorithm—the Principle @) (b)

We proceed to devise a segmentation algorithm for quergoms. Figure 5: Two steps in the query window segmentation process
The parameters of the algorithm arguery windowand aset of
infrastructure elementsThe output of the algorithm is set of
query windowsi.e., rectangles.

Initially, the algorithm determines a first set of seed elements.
Those include (i) the origin of the query window (lower-left
corner), (ii) the upper-left corners of all infrastructure elements
The general principle is to decompose a given query window basesliching with the left side of the query window, and (iii) the lower
on the infrastructure contained in it. The intuition is to “chop” theright corners of the elements touching the bottom side of the query
parts of the query window not occupied by infrastructure into wellwindow.

shaped rectangles, i.e., as square as possible. In Figure 4 where
but large infrastructure elements are shown as black rectangles,
possible outcome of such a segmentation process is shown as w
rectangles.

t’f%Y" clarify, if an infrastructure element intersects with the query
I)mgdow, the element’s part outside is truncated for the purpose of
segmenting the query window. Subsequently, the algorithm iterates
over all seed elements, initial ones and newly computed ones, to
compute query window segments.

To determine a valid query window segment, the algorithm tries to
find infrastructure elements that bound a rectangle whose origin is
the current seed point. In the example in Figure 5(a), the algorithm
determines three candidate bounds. Elements 1, 2, and 3 constrain
a rectangle originating from seed point SO. Those constraints leave
us with two possible rectangles, A and B. The algorithm evaluates
both and chooses element Bchuse of better pportions (cf.
Section 3.2.1). The criterion used is the perimeter ratio of the
possible rectangles, i.e., longer side divided by smaller side. For a
. . i square this ratio is 1, for rectangles this ratio is larger. The
— rectangle with the smallest ratio is selected.

Figure 4: A query window segmentation example Having determined the best rectangle, we have to judge whether its

To segment the query window, i.e., to determine the rectangles, thBape is appropriate, i.e., it could be elongated inxthe y
algorithm proceeds from the lower-left corner of the quenydaiw  direction. An example check would be that the length inxthe

to the upper-right. Given a seed point, i.e., the lower-left corneflirection isn times longer than in thg-direction, wheren is a

we try to span a rectangle as far towards the upper right corner @§eshold parameter of the algorithm. The outcome of this step can
possible. Consider the situation of Figure 5(a). Here, we want @€ that the shape is elongated inxrirection, in they-direction,

span a rectangle from seed point SO (seed 0) to the upper rightthe shape is acceptable, i.e., it is reasonably close to a square.
corner. Infrastructure elements 1, 2, and 3 constrain us. As a resuthe type of shape determines how to compute the final rectangle
A and B are the two candidate rectangles for this step. and new seed points. If the rectangleelsngated in thex-

Seed points are the lower-left corners of all rectangles. Seed poirtiéection the rectangle is possibly shortened such that it ends with
are determined in two stages. Initially, the algorithm finds all seetiS upper constraint (element 1 in Figure 6(a)) or an element
points on the left and lower side of the query window (they woul@onstraining the rectangle from below (element 2 in Figure 6(a)).
not be found otherwise). Further, more seed points are founthe algorithm chooses the element that is the most restrictive. In
during the course of the algorithm when new rectangles af@® example of Figure 6(a) that is element 1. If neither element is
segmented, i.e., the resulting rectangles of the segmentatig@strictive, i.e., if both elements have largegxtensions than our

process generate new seed points. The algorithm terminates wHgRtangle, the rectangle is left unaltered. A similar approach applies
all seed points have been considered. in case the rectangle is elongated inytuirection.

) ] ] ) The rationale behind this approach is that by disallowing
3.2.3 Segmentation Algorithm—a Detailed View extensively elongated rectangles, we allow for a possibly better

In the following, we give a more detailed description of thechoice of a rectangle at a later step in the algorithm (cf. Figure
algorithm. The pseudo code of the algorithm can be found in [15]_6(a)).
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As for new seed points, Figure 6(b) illustrates all possiblgoints. The number of seed points, S, equals Q, i.e., for every
candidates. Generally, we can encounter six different types of neseated query window, there has to be one seed point. The costliest
seed points: operation in this loop is to sort all existing elements (infrastructure
elements plus already created rectangles) once ix dinel then in

The upper left corner of the newly found rectangle, S : . A
PP y g the y direction for each seed point. Assuming sorting is of cost

2. the lower right corner, nlog n, the cost of sorting for the first segmented query window is
3. meeting point with the upper constraint, I log I, whereas the cost for the last is €G- | 1)log{(@ |. Ip
4. meeting point with the right constraint, compute the total cost we compute the sum of an arithmetic series.
5. meeting point with an additional upper bounding element 0.50{(Q+ I- 1)Jog(Q+ + 1y Clogld

that was not considered as a constraint, and (Q+1-1)Tog(Q+ I-1)- ITog ) = @)
6. meeting point with an additional right bounding element. 0.5((Q+ -1y Ood' (Q+ + 1)- fog |

For cases 5 and 6, since there can be more than one upper (right)
bounding element, the algorithm can also find more than one seétie running time is therefor@(n |Og n.
point in each case.

Remember, seed points are the lower-left corners of futurd.3 Query Window Segmentation and
rectangles, thus they can only be found on the upper side (caseqrirdexmg

3, and 5), and on the right side of a newly found rectangle (cases
4, and 6§ g y gle ( T%1e second step of the three-step technique uses an index to

process the query. Two access moels for trajectory data are a
modified version of the R-tree and the TB-tree (Trajectory Bundle)
[16]. The TB-tree possesses special capabilities in processing
3 spatiotemporal query types (cf. [16]). Segments in the TB-tree are
(‘\ (1 grouped together based on the trajectories they belong to. The R-
i - tree does not preserve trajectories, but uses purely spatial
__________ 3 1 5 S p L , es purely sp
' 6] 4 characteristics such as proximity. Thus, nodes in the TB-tree are
i larger and more wasteful with respect to space. Consequently, such
""" new 4 an index has a higher degree of overlap with respect to
2 rectangle 2 infrastructure. We modify both access hwets to allow for the
buffering of retrieved nodes, i.e., pages. We adopt what is known
O as the “Least Recently Used (LRU)” approach, where a newly
referenced page replaces the “has-not-been-referenced-for-the-
() (b) longest-time” page. This scheme exploits the overlap in page
Figure 6: (a) elongated rectangles, and (b) seed points retrievals caused by simultaneous execution of spatially close

query windows.
The algorithm has to check all six alternatives in case of a well-

shaped query window. In case the rectangle was elongated (partT‘:%\ efhcngn;ly “““Z.e the LRUﬂ?uffer, we order lthehsegrjpgnted
and 3b), we only have to consider cases 1 and 2. The reasons G4ff"y Windows using a ape-filing curve, namely the Hilbert

be derived from the definition and the three different scenarios arfd"ve,; Basic properties of space-fllllng_ curves are: (i) they coveran
the definition of the seed point cases. area” completely, where area might also refer to higher

dimensional volumes, (ii) each point in space is visited exactly
. . once, and (iii) neighbor points in the nativeasp are likely to be
3.24 AWQI’d on Runnlhg Tfme . close neighbors on the ape-filling curve. Property (iii) is used to
The running time of the algorithm is determined by the number gheasure the quality of the space-filling curve, i.e., its ability to
infrastructure elements, I, and the number of query windows, Qyreserve proximity. Moon et al. [8] show analytically and
i.e., the result of the segmentation process. Assuming a uniforgmpirically that the Hilbert curve achieves better clustering than

distribution of the infrastructure elements over the data space, Qtise z ordering and Gray-code curve. Further experiments [4] give
found to be two to three times I. This factor, so far, is onlysimilar results.
empirically established.

1
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) _ ) The Hilbert curve seen in Figure 7 is constructed in a self-similar
The main body of the algorithm is a loop over the set of seeflay by using rotation and mirroring. Algorithms for the
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Figure 7: Hilbert space filling curves
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Table 1: Experimental results: various query window sizes and datasets

Experiment 1 2 3

QW (R/TB-tree) 175 | 196 123 | 167 89 | 141

N 1 1 1

qwi (R/TB-tree) 118(0) | 142(0) 100(0) | 134(0) 87(0) | 122(0)
Visualization

Experiment 4 5 6

QW (R/TB-tree) 319 | 289 166 | 172 486 | 368

N 7 56 7

qwi (R/TB-tree) 319(393) | 289(678) 166(1742) | 172(4584) 436(400) | 321(646)
Visualization =t

corresponds to 16 times the page size of the index, which is 1
Kbyte.

Figure 8 shows a temporal snapshot of the trajectory data used in
4. EXPERIMENTAL STUDIES the following experiments. The infrastructure elements are shown
The goal of the experiments is twofold. First, we try to establis@s gray rectangles. Again, we use GSTD++ [15] to generate
the conditions under which query window segmentation is usefulfajectory data. The parameters are chosen such that the density of
That is to distinguish when case (ii) or (iii) is the best forthe trajectories is higher towards the center of the data space and
processing Spatiotempora| range queries_ Second' segmentm@ ObjeCtS move around their initial pOSitionS. Using this data, we
query windows might prove to be more or less beneficial fofonduct six experiments with a varying query window size.

different access miebds. Here, we consider the R-tree and the TB-

construction of space filling curves can loairfid on the Web [9]
and in the literature [4].

tree as mentioned in Section 3.3. Sl S Ty -‘:E.a-";' e
The parameters in our experiments amrying infrastructure oo " . G I ?’ Ey
datasetsquery windowsandLRU-buffer sizes s fur :"'.Iq. Er"-“""-" s T
i . i .._ -- I- ;'- i-'r'-i-i-t .ll-.é-;-ull.\.#-l_. F
4.1 Varying Query Window Size and Datasets e L B
LR L e b L L '
In the first set of experiments, we compare the cost of querying R ff '.-"r-} FhEian,
trajectories using the original query windows, QW, to using the set 5 -_-_.-;-'r.-‘.-:.u.;' -:.ed.'-": = 4
of segmented query windows, qwi, for different query windows o r_..-hi 2 -.J_._.- :
and infrastructure datasets. rECH Bl i W R T
Initially, we use an artificial set of infrastructure elements as shown : L

in Figure 8. The real-world correspondence of this infrastructure

composition could be a city with city blocks. We create trajectories Figure 8: Trajectory dataset snapshot

for 500 moving objects that are uniformly distributed over the].he outcome of the experiments is shown in Table 1. For each

whole data space. A trajectory itself consists560 segments, uery window, we measure the number of nadessses uéing the

leading to a total of 250k segments, i.e., the total number of entrigﬁginal query, window (QW) and the set of segmented query

in the index. The size of the LRU buffer is 16 Kbytes, Wh'ChWindows (qwi). For the latter, the number in parenthesis indicates
the LRU buffer hits. The number of query windows that constitute
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gwi is given as N. Assuming the data space is the unit cube, the 5y
temporal extent of the queries shown in Table 1 is 0.2 in the midst

—— R-tree (node access)

of the temporal range, i.e., from 0.4 to 0.6. We leave the temporal | —a— TB-ree (node access)

range constant throughout all of the experiments, since we ;_::?;szg?‘;?s)

observed that varying it only increases/decreases the absolute, g
number of visited nodes, but not the relative number, i.e., nodes;
visit for QW vs. gqwi.

e access/ buff

We observe that with an increasing query window size, the
advantage of segmentation decreases. Also, it seems that onlg 40
infrastructure elements that are on the border of the query window
matter. Experiments 1, 2, and 3 show that although N is the same 201
in all three cases, because the corners of the infrastructure coincide
with the query window in experiment 1, the gap between using 0 ‘ ‘ ‘

QW and qwi is larger than in experiments 2 and 3, where the ~ ° : bt e s ¢ *
boundary of QW is inside the infrastructure elements. The larger

the part of the query window boundary that is inside the rigyre 9: Performance study for varying LRU buffer size
infrastructure, the smaller is the advantage of segmentation

(experiments 2 and 3). In experiment 4, we extend QW such that .

no infrastructure intersects with the boundary of the query window” 3 Summary of EXpe”mentS

Here, segmentation offers no advantage any more. We can identify the following parameters that determine the

In comparing the two access Imetls, we see that segmentation iseffectiveness of query window segmentation. .First, the larger the
beneficial for the TB-tree in more situations than for the R-tree. [UMPer of segmented query windows, qwi, the smaller the
experiment 3, while segmentation offers virtually no advantage fgidvantage over QW. Second, the moreacep infrastructure

the R-tree index (89 vs. 87 nodecesses), segmentation for theOCcupies within QW, the better. Third, the more of the
TB-tree still proves to be beneficial (141 vs. 122 nadeesses). infrastructure that is concentrated at .the boundaries of QW, the
This can be explained by the properties of the indices as outlined R§tter- The experiments show that infrastructure placed at the

Section 3.3, i.e., the TB-tree nodes have more deazksp penter of QW affords query window segmentation less than
infrastructure located at the boundary.

Next, we perform experiments with eandom infrastructure .

scenario We compute an arbitrary set of rectangles, where thi! comparing the R-tree and the TB-tree, we saw that the latter
number as well as the minimum and the maximum extents are inp!gﬁneflts_ in more cases from query window segmentation. Further,
parameters of the data generator [15]. The parameters of tHePenefits more from a larger LRU buffer than the R-tree. The
trajectory data are, again, 250k segments stemming from 5#8@sons here can be found in how the respeetieess mébds
moving objects uniformly distributed over the data spaceConstruct the indices.

Experiment 5 in Table 1 shows the experimental outcome. The

infrastructure scenario consists of many (900), but small elements. CONCLUSIONS AND FUTURE WORK

Consequently, the segmentation process produces many, smgllihis paper, we present a new query processing technique for
query windows (56). In this case, choosing qwi over QW offers nggjectory data stemming from a constrained movement scenario.
advantages in terms of query processing performance. This showg extend the well-known two-step technique from spatial query
tha_lt_the number and size of infrastructure elements determine tBF‘ocessing to include an additional pre-processing step prior to the
efficiency of our approach. filter step. Given an arbitrary spatiotemporal range query, QW, the
. ) aim of this step is to segment QW into a set of smaller query
4.2 Varying LRU Buffer Sizes windows, qwi. We exploit infrastructure information, i.e., spatial
To show the effects of varying LRU buffer sizes, we choos@biects that constrain movement, to segment QW. The rationale is
experiment 6 in Table 1 as a basis. The LRU buffer is used to stdf@t we “chop” away those parts of QW that range over
retrieved pages in main memory. Thus, revisiting them does ng{fr_astructure, i.e., those parts of the data space that do not contain
require a disk access. Now, in case of segmenting a quedpwj  trajectory data.
the resulting query windows, qwi, are spatially co-locatedwe devise an algorithm for segmenting the QW based on
Naturally, when executing the queries sequentially, many nodes infrastructure. This segmentation can have three outcomes. Query
the index will be accessed multiple times. Thus, if reducing thprocessing can be (i) stopped after the pre-processing step, i.e.,
LRU buffer size, we reduce the advantage of using the segment@V is totally covered by infrastructure, (i) QW is segmented into
query windows over the original window. Figure 9 shows thea set of smaller query windows, gwi, which is used for querying the
number of page accesses and, conversely, the number of buffer hit§ectory data, or (iii) the original range query is used. Case (i) is
when varying the LRU buffer size from 1 to 16 Kbytes. easy to decide. For cases (ii) and (iii), we depend on heuristics that
We observe that the TB-tree benefits more from using a buffer th&€ based on the outcome of the segmentation process. The results
the R-tree. Because of the properties of a TB-tree index, for a set@fthe performance studies reported give a first indication for such
queries that are spatially close, it is more likely to access the safiguristics.
node more often than it is for the corresponding R-treeAlthough ecent literature includes work on indexing trajectories of
Consequently, the TB-tree benefits more from a larger buffer thamoving objects by maintaining the complete history of object
the R-tree does. movement [10] [18] [19], the work presented in this paper is the
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first (i) to propose a query processing technique tailored towards International Conference on Data Engineerimgp. 164-171,
trajectory data stemming from objects moving in scenarios  1998.

constrained by infrastructure, and (ii) to use a pre-processing stﬁa Moon, B., Jagadish, H.V., Faloutsos, C., and Saltz, J. H.:
that is based on data other than approximations of the trajecto Analy‘sis (’)f the Cluétering’ Properties'of ihe Hilbert ’Space—

data (infrastructure vs. approximation). Filling Curve, IEEE Transactions on Knowledge and Data
This works points to several directions for future research. Using Engineering to appear, 2000.

the outcome of the segmentation process directly might not be the \1oore, D.: Fast Hilbert Curve Generation, Sorting, and Range
most favprable .ch0|ce. We can extend theT §egmentat|on algorlth Queries. wwweaam.rice.edubougm/twiddle/Hilbert/,

to combine various query windows of qwi into larger ones. This current as of April 12, 2001.

will combine query window segmentation with the simultaneous ) - o .
execution of query windows [12]. Although we distinguish thred10] Nascimento, M., Silva, J., anq Theodoridis, .Y.: Evalyatlon of
cases as the outcome of the segmentation process, clear heuristics Access Structures For Discretely Moving Points. In
have to be derived for when to apply each case. Also, the Proceedings of the Internatial Workshop on Spatio-
framework is only empirically validated. Analytical studies should ~ Temporal Database Managemepp. 171-188, 1999.

be used to back up the results. Finally, this work only usefii] Pagel, B. U., Six, H. W., Toben, H., and Widmayer, P.:
synthetic trajectory and infrastructure data. It would be interesting  Towards an Analysis of Range Query Performance in Spatial

to study the performance of this approach using real data sets. Data Structure. IrProcessings of the ACM Conference on
Principals of Database Systenmp. 214-221, 1993.
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