Efficient Indexing of the Historical, Present, and Future
Positions of Moving Objects

Dan Lin? Christian S. Jensen?

!School of Computing
National University of Singapore, Singapore

{lindan, ooibc}@comp.nus.edu.sg

ABSTRACT

Although significant effort has been put into the development of
efficient spatio-temporal indexing techniques for moving objects,

little attention has been given to the development of techniques tha
efficiently support queries about the past, present, and future posi

tions of objects. The provisioning of such techniques is challeng-
ing, both because of the nature of the data, which reflects continu

ous movement, and because of the types of queries to be supportea

This paper proposes the BBndex structure, which indexes the po-

sitions of moving objects, given as linear functions of time, at any
time. The index stores linearized moving-object locations in a for-
est of B -trees. The index supports queries that select objects base

on temporal and spatial constraints, such as queries that retrieve al

objects whose positions fall within a spatial range during a set of
time intervals. Empirical experiments are reported that offer insight
into the query and update performance of the proposed technique.

Categories and Subject Descriptors

H.2.2 Database Managemerjt Physical Design-access meth-
ods D.3.2 [Information Storage and Retrieval]: Information Stor-
age—file organization

General Terms
Algorithms, Performance
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1. INTRODUCTION

We are approaching a situation where it is practical for indi-
viduals to be online always and everywhere. This situation is in
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Motivated in part by such advances, new spatio-temporal index-
ing techniques are being developed. Some techniques index the
current and (anticipated) future positions of spatial objects [13, 17],
yvhile others aim to index the past, historical, positions of spatial
objects [8, 11, 16].

Techniques of the latter type support a variety of queries. Times-
lice queries retrieve all objects that meet specified spatial constraints
t a single point in time, while time range queries retrieve all ob-
JEcts that satisfy the spatial constraints at some time point during a
specified time interval. The possibly most basic spatial constraint
states that an object must belong to a rectangular region. Indexes
H’lat support these basic types of queries are often also useful for the
processing of more complex queries.

However, we are not aware of any single index in the literature
that is capable of indexing the historical, present, and future posi-
tions of moving objects. The closest technique, proposed recently
by Sun et al. [14], is a summary structure that supports approximate
aggregate queries.

Motivated by the absence of indexing support for the histori-
cal, present, and future positions of moving objects, we propose
the Broad B indexing technique (BB-index), which is designed
with storage and query efficiency in mind. More specifically, the
BB”-index structure is based on theree [4], which applies a
novel linearization technique to timestamped locations—so that the
resulting values preserve spatial proximity and are also time-wise
partitioned—and indexes the linearized positions using ai@e.

The BB*-index inherits the ability to index present and future po-
sitions from the B-tree, and it extends this ability with support for
also past positions. Three factors contribute to its storage efficiency.
First, object positions are represented as linear functions (as is done
by, e.g., the TPR-tree family). In comparison to constant functions,
this representation reduces the number of updates and thus data vol-
ume to one third for data deriving from cars [3]. Second, an object
is usually indexed only once in the BBndex. Third, being a B-

large measure brought about by advances in consumer electronicéee based index, the index does not rely on bounding rectangles,

and mobile communications. Further, relatively accurate position-
ing of mobile objects is becoming practical. An infrastructure for
location-enabled services [15] is thus emerging.
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rendering the internal directory relatively compact. The uses of lin-
ear functions and the Btree contribute to obtaining good update
performance.

Having a single index for historical, present, and future positions
not only results in indexing that is both space and query efficient;
it also makes it possible to support some complex queries neatly
and efficiently, with no need for complicated optimization strate-
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jects whose positions fall within a spatial range during a set of time

intervals.
We conducted the the performance study, and our experimental



results demonstrate that the Bihdex significantly outperforms Despite the existence of several indexing techniques for historical

the latest existing method MV3R-tree [16] with respect to storage positions and for present and future positions, no single moving-

and historical query efficiency, and performs similar to tifetBe object index for the past, present, and future positions of moving

with respect to the predictive query efficiency. objects has yet been reported in the literature that achieves the goals
The rest of the paper is organized as follows. Section 2 reviewsof storage efficiency and query and update efficiency.

related work. Section 3 describes the structure of the proposed

BB”-index. Section 4 presents the associated query and update

operations. Section 5 covers comprehensive performance experid. BBX-INDEX

ments. Finally, Section 6 concludes. As the BB'-index borrows from the B-tree, we first introduce
the B°-tree and then present the structure of the"Bdex. Sec-
2. RELATED WORK tion 4 covers the associated algorithms.

As pointed out, indexing techniques for moving objects gener-
ally come in two variants: techniques for indexing the present and3-1 The B-Tree
future positions of objects and techniques for indexing the histor- The B*-tree [4] is a B"-tree index structure that indexes the cur-
ical positions of objects. Several recent surveys of moving-objectrent and future positions of moving objects. To be able to use the
indexing techniques exist that focus on different aspects [1, 6, 9]. B*-tree, which is capable only of indexing data belonging to a to-
Representatives of the first variant of indices include the TPR-tally ordered linear domain, moving-object positions are linearized.
tree (Time-Parameterized R-tree) family of indexes [12, 13, 17]. The movement of an object is given by a linear function of time
Next, Patel et al. [10] have recently proposed a practical index-and a time when the function is valid. For movement in two di-
ing technique, termed STRIPES, that supports efficient updates andhensional space, such a moveméhtan be described by a two
queries at the expense of higher space requirements. STRIPES useémensional velocity vectol” and a two dimensional poifi, in
dual transformation [5], where the linear movement of a point ob- addition to the time value,, resulting in a point in a higher dimen-
ject moving ind-dimensional space is represented as apoinRifra  sional space. These points are mapped to a one-dimensional space
dimensional space. Another recent index is tifetie [4], which by means of a space filling curve. The specifics are given shortly.
uses the B-tree to manage moving objects efficiently; we cover A space-filling curve is a function that enumerates every point in
the B”-tree in more detail in the next section. a discrete, multi-dimensional space. In our context, a space-filling
We proceed to cover the indexing of historical positions in more curve is generally considered good if it preserves proximity, mean-
detail, since our proposed indexing technique aims to solve prob-ing that points close in multidimensional space tend to be close
lems that are prevalent in existing index structures. in the one-dimensional space obtained by the curve. The Peano
One of the earliest works is the Historical R-tree (HR-tree) [8], curve and the Hilbert curve are prime examples of good space-
which logically constructs a “new” R-tree each time an update oc- filling curves [7]. The B-tree may use any space-filling curwe
curs. HR-trees are efficient for timeslice queries, as the search defindicated by the superscript in its name), and we choose the Hilber
generates to a static query, for which R-trees are efficient. Theircurve which has better performance than other curves as reported in
disadvantage is extensive duplication of objects, which leads to g4].
very high space consumption. Consequently, the performance of The motivation for representing the position of an object as a lin-
the HR-tree on interval queries is very poor. ear function of time is fourfold. First, it is possible to estimate such
The historical movements of objects can be represented by tralinear functions in prominent applications, e.g., applications that
jectories composed of sequences of connected, spatio-temporal linperform frequent sampling and applications that use GPS for posi-
segments. For example, an object moving in two-dimensi@nal) tioning. Second, linear functions have quite compact descriptions,
space can be represented by such a trajectory in three-dimensionalsing only two more parameters than do the conventional, constant
(z,y,t) space. Such trajectories can be indexed by an R-tree befunctions for two-dimensional movement. More complex functions
cause they, as well as their individual, constituent line segmentsare harder or impossible to obtain, and they are less compact. Third,
can be enclosed by bounding boxes. Based on this idea, Pfosdinear functions offer better predictions of future positions than do
et al. [11] propose the Spatio-Temporal R-tree (STR-tree) and theconstant functions. Fourth, the use of linear functions reduces the
Trajectory-Bundle tree (TB-tree). The former organizes line seg- volume of updates. Intuitively, an update occurs when the position
ments not only according to spatial proximity, but attempts also to predicted by an existing function is deemed inaccurate. Studies of
group the segments according to their trajectory membership. TheGPS data from cars indicate that for a range of accuracies, the use
TB-tree aims only for trajectory preservation and basically ignores of linear functions reduces the number of updates to one third of the
spatial proximity. These indices experience degrading performancaipdates needed when using constant functions [3].
as the length of the history increases. The B-tree effectively “partitions” the positions it indexes, plac-
Next, Tao and Papadias [16] propose the Multi-Version 3D R- ing positions in so-called phases based on their update time. Specif-
tree (MV3R-tree), which consists of a Multi-Version R-tree (MVR- ically, the time axis is first partitioned into intervals of duration
tree) and an auxiliary 3D R-tree. MVR-trees utilize the concepts of At,,. (the anticipated maximum duration in-between two updates
Multi-Version B-trees [2], which have good performance for times- of any object location), and each such interval is further partitioned
lice queries. The auxiliary 3D R-tree compensates for the ineffi- into n equal-length sub-intervals, which are the phases. A value
ciency of interval queries in MVR-trees. However, in order to offer of n = 2 has been shown to yield an index with good query and
good timeslice performance, the MV3R-tree uses so-called versiorstorage efficiency [4]. Figure 1 shows &Bee withn = 2.
splits that duplicate data during update operations, and the auxiliary For a moving object, the key value indexed by thetBee is the
structure requires extra storage space. concatenation of a phase number and the result of applying the un-
A recent proposal by Sun et al. [14] supports queries about thederlying space-filling curve to the position of the object as of the
past, present, and future. However, on approximate aggregate quergnd time of the phase, termed the label timestamp of the phase. The
results can be computed. In applications were accurate results arphase used when computing the key value is the one that follows
needed, other proposals are needed. the phase that intersects with the insertion time of the object. Using



time that the position was deleted, updated, or migrated (migration
refers to the update of a position done by the system). For non-leaf
nodespointerpoints to a (child) node at the next level of the index:
tstart @Ndtenqg are the minimum and maximumg:q,+ andt.,q val-
ues of all the entries in the child node, respectively. In addition,
each node contains a pointer to its right sibling to facilitate query
processing.

Unlike the B°-tree, the BB-index is a forest of trees, with each
tree having an associated timestamp signatuyeand a lifespan

0 tmu 2t time . . .
) (see Figure 3). Théimestamp signatur@arallels the valué,;
Figure 1: The B®-Tree from the B-tree and is obtained by partitioning the time axis in the
same way as for the'Btree. The lifespan of each tree corresponds
the notation introduced above, the mapping function is: to the minimum and maximum lifespans of objects indexed in the
B®value(O,t,) = [phase]s @ [z_repls 1) tree. The roots of the trees are stored in an array, and they can

_ _ be accessed efficiently according to their lifespan. This array is
Here, [z]> denotes the binary representationagfand® denotes  relatively small and can usually be stored in main memory.
concatenation. The two components of the function are defined as

follows: I current time
phase = (tian/(Atmu/n) — 1) mod (n + 1) ‘ ‘ ‘ ‘ ‘ L
z_rep = zvalue(T + 0 - (tap — tu)) 0 \ \ tu \ \ 2ty \ time
Here,tiap = [tu + Atmu/n];, where operatioriz]; returns the X
nearest future label imestampaafNext, z_value is obtained from BB=Index /_\ /., 13\ /14 15
the space-filling curvez’, v are the position and the velocity of the
given object, and,, is the time when the object issues an update. lifespan 0—15t,, tg 25t 2435t

To handle queries occurring at timestamps other than the label
timestamps, the Btree enlarge the query window to enclose ob-
jects that are not in the query window at the label timestamps, but Figure 3: The BB®-Index
may possibly be in the query window at the query timestamp. Be-
cause the B-tree stores an object's location as of some time af-  opjects inserted during the same phase will be stored in the tree
ter its update time, the enlargement involves two cases: a locationyity the t., that is equal to the end timestamp of that phase. In
must either pe brought back tp an.earlier time or forward to a |aterparticular, an update with timestamg..+ is assigned a timestamp
time. Consider the example in Figure 2, whereg; denotes the signaturet., = [tstart]1, Where[z]; returns the smallest times-

tamp signature that does not precade
‘ ‘ ‘ ‘ The position of an object is represented by a single-dimensional
current to, tes ta, time valuex _rep obtained from a space-filling curve. In order to retain

A A the proximity-preserving property of the space-filling curve, we in-

,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,, dex objects within a time interval by their positions as of the time

0547 2, 153t m,

ql .B- \%s ' Fé/. : given by the timestamp signature of this interval. Hence, we need to
Co A 0 | % A - determine an object’s position at the timestamp signature according
VIR T o B to its moving function.
: k: pQ v | ! k! R v | An object’s linear movemer® = (', @) is given by a position
o ‘ . ! and a velocity at the time of updaté,;.... The transformation
! v pe XY % | from the current position to the positiaR ;,,4 that will be indexed
777777777777777777777777777777777 is: ?ind - ? + 7 . (tsg - tstart) = ? + 7 . (l_tstart-ll - tstart)-
Figure 2: Query Window Enlargement We thus place the positianrep computed by applying the space-
filling curve to 2 ;4 in the tree with timestamp signatutg,.
label timestamp that four moving objeais, p2, ps andp, are in- Note that we do not concatenate the timestamp signature and

dexed in the tree, and where quergesndg- (solid rectangle) have  z_rep as in the B-tree. There are two reasons for this. First, our
time parameters,; andt,» respectively. The figure shows the lo- index aims to handle moving objects from the past to the future.
cations of four moving objects at the query time as circles, from Thus, the index must contend with timestamps that keep growing
which we can see that these four objects are the answers of the twin value. Inclusion of such values in the key would poses an ef-
queries. In order to obtain these answers, the query windows are erficiency problem since we must then allocate substantial space for
larged (dashed rectangles) using the expansion speed. The detailbe key in order to cater to its growth. In contrast, tHetBee only

of computation of the expansion speed can be found in [4]. indexes current positions of moving objects and hence is able to fix
the length of the key value (by using the modulo function). Sec-
3.2 BBr-Index Structure ond, without considering the timestamp, we obtain a shorter key

The BB”-index consists of nodes that in turn consist of entries, and a simpler mapping function. Imagining that the index runs for
each of which is of the fornw_rep, tstart, tend, pointer). For leaf one year, the accumulated timestamp valie2€* minutes) would
nodes pointer points to the objects with the corresponding-ep, require a long key value representation, which will significantly re-
wherex_rep is obtained from the space-filling curve;,.,. denotes duce the node capacity and fanout, which increases index size and
the time when the object was inserted into the database (correspondiecreases query performance.
ing to thet,, in the description of the Btree), and...q denotes the Let us illustrate the BB-index with an example. Figure 3 shows



a BB”*-index withn = 2. Objects inserted between timestamps
0 and0.5t,,, are stored in tre@) with their positions as of time
0.5tm; those inserted between timestam®yt,,., and t,,, are
stored in tred with their positions as of timg,,.,; and so on. Each
tree has a maximum lifespaffy’s lifespan is from0 to 1.5t ,,., be-
cause objects are inserted starting at timestaupd because those
inserted at timestam.5t,,,, may be alive throughout the maxi-
mum update intervat,,,, which is thus untill.5¢,,,; the same
applies to the other trees.

4. QUERY PROCESSING

In the following, we first unify historical and predictive queries,

query interval

lifespan | I |
Start timestamp signature end

Figure 5: Lifespan Intersected with Query Interval

a backward enlargement. Similarly, for the third case, we use the
minimum of the end time of the query interval and the end time of

then consider the range query and the set query. Finally, updates ange lifespan to perform a forward enlargement. In the second case,

considered.

4.1 Unifying Historical and Predictive Queries

To understand how the BBindex is able to support historical
and predictive queries, consider Figure 4.

History Query
— "
lifespan | I 1 J

start current timestamp end
time signature

query enlargement
History Query |< | —

Future Query

Future Query <4 |

Figure 4: Historical Versus Predictive Query

the query interval is partitioned into two parts by the timestamp
signature. Both forward and backward enlargements of the query
window are performed. Then we compare the sizes of the enlarged
query windows and keep the larger one.

Having obtained an enlarged query window, we travel the in-
dex. In each tree of the index, a range query in the native, two-
dimensional space becomes a set of range queries in the transformed,
one-dimensional space (due to the use of a space-filling curve).

The pseudo code of the algorithm is shown in Figure 6. In line 7,
function Leftmostintersection calculates the leftmost interval of in-
tersection between the sequence of interydland the interval that
extends fromlow. Then the leaf node containing the start point
of this interval is located, and all entries in this leaf node that are
after the start point are checked. If the last entry is smaller than
the end point, we continue traversing right siblings by the right link
(lines 10-12). Otherwise, we compute the next leftmost intersec-
tion (line 7) and then continue searching. This process repeats until
we can no longer find any intersections.

Figure 4 shows the possible queries that happen in the latest tree
in a BB*-index: (i) historical queries refer to times between the start Algorithm Range_query(q, [ti, t.])
time of the lifespan and the current time; (ii) predictive queries refer Input: ¢ is the query range, arfé;, t.] is the query time interval

to times between the current time and the maximum update intervak

from the current time.

2.

Recall that object positions are indexed as of times equal to times—_
tamp signatures. Thus, in order to answer queries as of other timeg_
than the timestamp signatures, the’BBdex enlarges query win- g

dows to capture those objects that are outside the query window af

the timestamp signature, but may be inside the query window at the7:
time specified by the query. Figure 4 illustrates the maximum query g

window enlargements for historical and predictive queries. The en-

for each tree in the BBindexdo
if the tree’s lifespan intersects with, ¢,,] then

enlargey to ¢

compute;”, the space filling curve representationgbf

low «— 0

repeat
[start, end] < Leftmostintersection(’, [low, c0))
locate leaf node containingart
store objects withe_rep > start from this node inL

largements are similar for both kinds of queries. Consequently, thel'o.
algorithms we propose in the following sections can answer queries;
on the historical as well as the future positions of moving objects. 15

4.2 Range Query 13.

An interval range query retrieves all objects whose position falls 1;1
within the rectangle = ([qz}, gz{], [gz, ¢z3]) at some time dur- 6’
ing atime intervalt;, t.] (“I” denotes the lower boundy” denotes 17.
the upper bound). 18.

Queries are handled separately for each tree whose lifespan in-
tersects with the query interval. Figure 5 illustrates how three types
of intersection may be discerned: (i) the query interval ends before
the timestamp signature of the tree; (ii) the query interval intersects We note that this algorithm, in contrast to that of th&-tBee, is
the timestamp signature; and (iii) the query interval starts after theable to skip processing for some of the intervalg/in In particu-
timestamp signature. lar, if an interval is contained in a leaf node that has already been

Like the B*-tree, the BB-index uses query window enlargement accessed, the interval is skipped. Moreover, it is reasonable to as-
to counter the data transformation used. Different types of inter-sume that the query interval will not exceed the maximum update
sections are handled by different strategies for query window en-interval. Since there is only one copy of each object within the max-
largement. For the first case, we use the maximum of the start timémum update interval, the BBindex avoids redundant accesses to
of the query interval and the start time of the lifespan to perform the same objects when compared to the MV3R-tree.

while entry.z_rep < end, for the node’s las¢ntry
access right sibling node
store all objects from this node In
low «— entry.x_rep + 1
until Leftmostintersection(’, [low, o)) = 0
for each object in. do
if the object’s position durin;, ¢.] is insideq then
add the object to the residet
return resultset

Figure 6: Range Query Algorithm



4.3 Time and Location Constrained Set Query Given the example set quegyfrom Figure 7, GM first consid-

Queries on historical data may relate to temporal patterns. This is2'S reesli, T», andT because their lifespans intersect with time
exemplified by the following query: “Which taxis were in the vicin-  interval [t1, ¢5], wheret; and 3 are the earliest and latest query
ity of a given hotel between times 18.00 and 18.30 on a weekdaytimes of the set queries, respectively. In each tree, GM identifies all
during a certain past month?” In this section, we define a new typesub-queries whose query intervals intersect with the lifespan of cur-
this type of querying. The query retrieves the objects whose posi-Using the resulting time intervals, GM enlarges the query window

tion falls within the rectangular range— ([ql,zh az], [qxz% ) e}nd qbtains several candidate query ranges. For .examplle, the query
at some time during a set of time intervélS.i1, tinz, - . . , tinek) = time intervals of three_sub-querles all intersect with the lifespan of
([£, €3], [Es, 5], - - [t £2). T1, and hence GM will compute the enlargements of these three

A naive method (NM) to process this query is to treat it as a seriesSub-queries and obtain ranges r» andrs. Then, GM will only
of independent interval range queries and then combine the result§earch using the largest query range (in the examp)eand fur-
obtained from these. For instance, in Figure 7, quescomprised ther_dlstlngu§hes_ results for each sub-query. The pseudo code for
of three sub-querieg;, g2, andgs. NM handles each single sub- GMis shown in Figure 9.
query as an independent range query. q1o0MNM queries treel?; .
for gz, treesT, and Ts are queried since both of their lifespans Al90rithm Set.query(q, (fint1, tinez, - - - tinek))
intersect with the query time interval; fas, treesTy, T, andTs Input: g are the query range, attthne1, tinez, - - -, tintk)
are queried. As a result, trég has been searched three times to is the query time intervals
answer set query. As we shall see next, such repetitive search can 1. for each tree in the BB-indexdo

be avoided. 2 if the tree’s lifespan intersects witH , ¢'] then
3 fori« 1toi < kdo
q \ql g2 q3\ 4 if the tree’s lifespan intersects withy, +;
o e o 5. enlargey to ¢’
L L L | 6 mazq’ stores the largesgt
o ! | Lt 2t time 7 mazq” +— space filling curve representationsmafazq’
C Lo G 8 low «+— 0
T 9 repeat
\—_—!—H—‘ T lifespan 10. [start, end] < Leftmostintersectionfaxq”, [low, 00))
R / 11. locate leaf node containingart
== 12. store objects with_rep > start from this node inL
R 13. while entry.z_rep < end, for the node’s las¢ntry
\ il | 14. access right sibling node
15. store all objects from this node In
Figure 7: Example Time and Location Constrained Set Query 16. low «— entry.x_rep+ 1
17. until Leftmostintersectiontazq”, [low,c0)) = 0
Figure 8 shows more details about the search in Fee As- 18. for each object in. do
suming that each query window enlargement has similar expansiorl9.  if object's position duringtns1, tins2, - - - , tintk)
speed, we obtain three ranges r», andrs for the sub-queries is insideq then
20. add the object to the residet
r3 . 21. return resultset
:
§: Figure 9: Group Method (GM)
~ 4.4 Insertion, Deletion, and Migration
S Insertion into the BB-index is similar to insertion into the B

tree [4]. To delete an object, we first find the tree where this object
is stored. Rather than physically removing the object, we modify
the end time of its lifespart....4, to be the current time.

Objects in an old tree that have not been updated within the max-
imum update interval should be migrated, by means of a deletion
and an insertion, to the current tree. This system-controlled migra-
tion is needed to maintain the index structure. Although migration
introduces additional updates, the amortized cost is small in prac-
tice (as shown in the Section 5.5) and is controllable (by increasing
the maximum update interval).

The algorithm outline is shown in Figure 10.

Figure 8: Query Enlargements in TreeT}

q1, g2, andgs, respectively, according to their query time interval.
Then, for sub-query:, we need to search the range and for sub-
guerygqz, we need to search the range We can see that covers
r1, which means the objects inside are retrieved twice here due
to the overlap of ranges. Similarly, to answer the sub-querwe
need to search the range, wherers coversr; and objects inside
r2 Will also be retrieved twice. Thus, region has been searched
three times and; has been searched twice.

Based on this observation, we propose a more efficient methoo5- PERFORMANCE STUDIES
for computing the set query, termed the grouping method (GM). In this section, we present the results of experimental perfor-
The main idea is to group sub-queries for each tree and handle submance studies conducted on the‘BBdex. Following a descrip-
queries in the same group simultaneously, thus avoiding repetitivetion of the experimental setting, the section considers in turn stor-
traversals of trees. age requirements, range queries, time- and location-constrained set



Algorithm Update (Fs, Pr) _ _ 5.2 Storage Requirements
Input: P, and 7, are old and new objects respectively As the space efficiency is important when indexing historical

1. tindew < the timeP, is indexed in the tree data, we compare the sizes of the MV3R-tree and th&-Blex.
2 find treel’, whose lifespan contait),,dex We created datasets with cardinality 5K and agilities in the range [1,
3 POSindes < the position ofP, attindex 25] (same as in reference [16]). Figure 11 shows the size of each
4 key, « thex-value of theposinde structure after 100 timestamps as a function of the agility. We ob-
5. locateP, in T, according tdkey, serve that the BB-index has the smaller size. This is because one
6. modify the end time of,’s lifespan to current time
7 tindes < the timeP,, will be indexed 10
8 POS,4e. — the position ofP, att), ;.. —5— MV3R-tree
9. keyn « thex-value of thepos’,, 4o 84 —a—BB"index
10. insertP, into the latest tree according key.,
%] 6
Figure 10: Update Algorithm ;;; {
4 J
queries, and updates. Comparisons with tfigf@e and the MV3R- ’
tree are included where appropriate. 0 . . . .
0 5 10 15 20 25
5.1 Experimental Settings Agilities
In the experiments, we compare the historical and predictive query Figure 11: Storage Requirements

performance of the BBindex to the MV3R-tree and theBiree,

respectively. Query_and update costs are measu_red In terms of nOO|ce>}bject may be duplicated several times in the MV3R-tree due to the
accesses. A page size of 1024 bytes is used, which results in fanouts

01 36 In both the MV3R-tree and the BEindex, and 50in the & S8t 80 RS 20 T O RS 88 e e average
tree. The MV3R-tree source code [16] that we use in the experi- P ) p 9

; T . update interval and need to be migrated. While it is possible to use
ments uses this page size; to be fair, we want to preserve whatever' ~ . :

L a variety of settings for the parameters that offer some control over
optimization may have been done to that code. Our other params-

eters are also similar to those used for the MV3R-tree [16]. S.eethe repl_lcatlc_)n done by the MV3R-ree, we nqte that we have used
) the settings in the MV3R-tree that were used in reference [16].
Table 1, where values in bold denote the default values used.

5.3 Range Queries

[ Parameter | Setting | We proceed to consider the historical and predictive query per-
Page size 1K formance of the BB-index, the MV3R-tree, and the*Biree, re-
Agility 1,..,3%,...,, 25% spectively. We evaluate range query performance over datasets of
Spatial extent of queries 2% 50K objects that evolve for 200 timestamps. We use a workload
Time interval length of queries 1.38%, 3.75%, 7.5% with 3% agility and 2% query extents.

Number of intervals in a query 2,4,6,810 . . .
Query frequency 05, 124.8 5.3.1 Historical Queries
Number of queries 100 The historical queries have 3.75% query length and are distributed
Dataset size 5K, 50K uniformly over the past 200 timestamps. As shown in Figure 12,
the BB*-index achieves significantly better performance than the
Table 1: Parameters and Their Settings MV3R-tree. This is due partly to the fact the Bindex is smaller

in size and simpler in structure.
For all experiments, both the initial positions and the movements

of the objects are uniform. At each timestamp, the percentage of ob- 150

jects that will update their movement function is roughly the same —5-MV3R-tree

and corresponds to the agility of the dataset, i.e., a datasatfiig » 1207 —& BB-index

p, if on average% of the objects change their movement function 2 90 4

at each timestamp [16]. 8 |
Two parameters are used when generating interval range queries o 60 ]

for the experiments, namely the spatial extent, expressed as a frac- §

tion of the spatial universe in Table 1, and the temporal length of 30 1

the queries, expressed as a fraction of the recorded history [16]. 0

Queries are generated so that all timestamps are queried with the
same probability.

The set query has two more parameters: the number of time in-
tervals and the query frequency. Query frequeficindicates how Figure 12: Historical Range Query Performance
many intervals occur in one maximum update interval and is repre-
sented as the division of the maximum update intetyal by the Next, we study the behavior of the MV3R-tree and the”BB
average length between each interval start time. Given a query index as time passes. We executed the same query workloads (with
and its time intervalg[t}, t1], [th, ], . .. ,‘[tic, =D, the query fre- 2%extents and 7.5% query length) after the dataset (3%agility) evolves

quency is given ag, = (k — 1) - tya/ S22 M (t, — £). for 200 and 500 timestamps. The results are shown in Figure 13.

0 20 40 60 80 100
% of interval queries



180 created with 50K objects and run for 500 timestamps before per-

160 - o forming 100 set queries (number of intervals is 10, interval length
, 140 is 1.375% andf, is 2 by default). We compare the efficiency of the
¢ 120 1 algorithms NM and GM.
8 100 4 h
S 80 E/ 5.4.1 Effect of Number of Time Intervals
% 60 4 - MV?B'tree at200 In this experiment, we measure the effect of the number of time
= 401 &7 BB indexat 200 intervals by varying the number from 1 to 10. Figure 15 shows the
20 4 —a— MV3R-tree at 500 set " f . A
—=— BB*.index at 500 query performance of two algorithms. Note that when there is
0 T T T T only one interval, algorithms NM and GM are the same. When the
0 20 40 60 80 100
% of interval queries
800
Figure 13: Deterioration of MV3R-Trees and BB*-Indexes as 700 { ©S-\M
Time Progresses » 600 & CGM
% 500 - \
Note that the lines of the same index are overlapping. The results f :zz
show that both the MV3R-tree and the Bihdex are nearly unaf- 8
fected by the passing of time. By comparing the results with Fig- < 2007
ure 12, we note that both are, however, affected by the query length. 100 7
In fact, when the query length is large, the effect of ratio of interval 0 T T T T
queries on the query performance is more profound. 1 2 4 6 8 10

Number of intervals
5.3.2 Predictive Queries
In this experiment, we evaluate the performance of the¢’-BB

index for predictive queries. From this experiment and onwards, Wenumber of intervals increases, GM performs much better than NM.
can no longer use the MV3R-tree as the benchmark index since itrhe query cost of NM increases linearly with the number of time

does not support predictive queries. Instead, we compare the perfolintervals since it is essentially a sum of a series of range queries. In
mance of the BB-index against the more specialized (and smaller) contrast GM can save the cost when several time intervals fall into

B”-tree, which is now applicable. _ _ the same lifespan of one tree of the BBidex.
In the experiment, the maximum update interyal, is about 34

timestamps, as a result of a 3% agility. The predictive query time 5.4.2  Effect of Time Interval Length

is randomly selected froffmow, now + tm.]. Figure 14 shows the Next, we evaluate the effect of the time interval length. Figure 16

predictive range query performance of thé-Bee and the BB- illustrates the query performance of both algorithms. It is no sur-
index after every 50 timestamps. Observe that the two indices have

Figure 15: Effect of Number of Intervals
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Figure 16: Effect of Interval Length
Figure 14: Predictive Range Query Performance

prise that NM deteriorates very fast with an increase of the interval
comparable performance as time passes, though the query cost déngth. This is due to the accumulated effect of range queries with
the BB*-index is slightly larger than that of theBtree. This is long time intervals. However, the query cost of GM first increases
because the BBindex needs to store more information than the a little and then stays almost constant. This is because the per-
B”-tree, which results in a smaller fanout. Moreover, the differ- formance of the GM is only affected by the sub-queries with the
ence between the mapping functions makes the average length dbngest time interval inside each tree. When the time interval be-
query window enlargement for the predictive query in the®BB  comes longer, the query window enlargement may reach the maxi-
index larger than that of theBtree, because the BBndex also mum lifespan of the tree, and thus the performance will no longer
has to guarantee efficient historical query performance. degenerate.

5.4 Time-andLocation-Constrained SetQuery 5.4.3 Effect of Query Frequency

In this set of experiments, we study the properties of the set query We now study the effect of query frequency. Figure 17 shows the
by testing various parameters including the number of time inter- query performance with the query frequentyranging from 0.5
vals, time interval length, and query frequency. The’BBdex is to 8. Itis interesting to observe that NM and GM achieve the same
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Figure 17: Effect of Query Frequency

performance whetf, is equal to 0.5 (i.e., each sub-query happens
after 2t¢,,,,). At this time, no sub-queries fall into the same tree
of the BB*-index, and hence GM also needs to handle all the sub-

queries separately. However, when the query frequency increases,

GM starts to show its efficiency. The higher the frequency, the bet-

example, one such case occurs when half objects are updated fre-
guently while half are not, which results in relatively many forced
updates. Another direction is to experiment with the proposed struc-
ture in new applications. One desirable application would be to
predict possible traffic jams and to guide drivers based on historical
and current information.
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