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Abstract

With the rapid advancements in positioning technologies such as the Global Positioning System (GPS)

and wireless communications, the tracking of continuously moving objects has become more convenient.

However, this development poses new challenges to database technology since maintaining up-to-date

information regarding the location of moving objects incurs an enormous amount of updates. Existing

indexes can no longer keep up with the high update rate while providing speedy retrieval at the same

time. This study aims to improve k nearest neighbor (kNN) query performance while reducing update

costs. Our approach is based on an important observation that queries usually occur around certain

places or spatial landmarks of interest, called reference points. We propose the Reference-Point-based

tree (RP-tree), which is a two-layer index structure that indexes moving objects according to reference



points. Experimental results show that the RP-tree achieves significant improvement over the TPR-tree.
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1 Introduction

Rapid advancements in positioning technologies, such as the Global Positioning System (GPS) and

wireless communications, have enabled the tracking of continuously moving objects. Many applications

can benefit from the proliferation of such tracking technologies. For example, in a transportation system,

via tracking vehicles, congestion can be alleviated by diverting some vehicles to alternative routes, and

taxis can be dispatched quickly to passengers. In order to keep track and manage a large number of

moving objects, the locations of moving objects are maintained in databases; and the efficient processing

of queries on databases of moving objects has become an important problem. To avoid the problem of

having to constantly update the location of objects as they move, moving objects are typically modelled

as functions of time, which are updated only when there are significant changes to the parameters of the

functions.

An important query type in moving objects databases is thek nearest neighbor(kNN) query, which is

to find thek objects (from among the moving objects in an input dataset) that are nearest to a given query

location at a given future timet. More formally, the kNN problem can be defined as follows. Consider a

set of moving objectsO = {o1, o2, · · · , on}. Given a query locationq, a future timet (which is equal to

or greater than the current time), and a positive integerk, the kNN query computes the subset ofk objects

O′ ⊆ O that are nearest to locationq at timet. Note that the kNN query in moving objects databases

is slightly different from the conventional kNN query for static data due to the consideration of the time

parameter.

Of the few structures that have been proposed for moving objects so far, the TPR-tree [13] is the only

practical spatial-temporal index for the predictive query described above. However, we observe that the

TPR-tree is still inefficient in real applications, where moving objects are not uniformly distributed, but are

instead usually assembled around locations of interest, such as cities, commercial centers, traffic junctions,

etc. An example based on the Singapore map [1] is shown in Figure 1, where the internal solid lines are

the motorways, RPs are the locations of interest selected from real landmarks, and shaded regions denote
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Figure 1. An example

high vehicle density. For convenience, we shall refer to a location of interest as areference point.
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Figure 2. Unnecessary search in the TPR-tree

Figure 1 depicts the distribution of vehicles. If we use the TPR-tree to index vehicles in this map, some

unnecessary search may be executed due to the minimum bounding rectangles (MBRs) enlarged over time

or the MBRs across neighborhoods of different reference points. Let us look at two examples by zooming

in on two enlarged MBRs,R1 andR2 at timestampT1 in Figure 1. The detailed pictures are shown in

Figure 2. At creation timeT0, MBR R1 should tightly bound objectsp1 andp2; at a later timestampT1,

R1 grows as shown in Figure 2(a). For the queryq1 atT1, R1 has to be searched due to the overlap with the

query circle ofq1 (Dk is the distance between the query point and itsk’th nearest neighbor) although there

is no object in the overlapping region. Then, considerR2 (as shown in Figure 2(b)), which bounds objects

p3 andp4 in the neighborhood ofRP5 andRP6 respectively. For the queryq2 in the neighborhood ofRP6,

whosek nearest neighbors usually belong to the same neighborhood due to the high density of vehicles

near the reference point,p4 is almost unlikely to be the answer forq2 but still has to be checked by the

TPR-tree. In this case, if we indexp3 andp4 separately according to the reference pointsRP6 andRP5,

3



we can save some unnecessary search. Therefore, our motivation is to avoid such wasteful operations so

as to speed up query processing. We propose a new index structure: the Reference-Point-based tree or

RP-tree, in which we partition the whole space into subspaces, and attach moving objects to their nearest

reference points.

Besides the proposed RP-tree, we also consider the concurrency control scheme in our algorithms as

multi-user environments are popular nowadays and good ability to parallelize has become an important

requirement of database applications. Furthermore, we demonstrate the effectiveness of our new indexing

method via a comprehensive performance study which shows that the RP-tree outperforms the TPR-tree

considerably for both search and update.

The rest of the paper is organized as follows: in Section 2, we review the related work; in Section 3, we

describe the structure of the RP-tree and our algorithms; Section 4 presents a cost model to estimate the

disk page accesses of the kNN search. Section 5 reports the performance experiments. Finally, Section 6

concludes with directions for future work.

2 Related Work

Traditional indexes [6] for multi-dimensional databases, such as the R-tree [7] and its variants: R+-

trees [14], R*-trees [3], SS-trees [20] etc., have been designed mainly to speed up retrieval in applications

where queries are relatively much more frequent than updates. However, this is invalid in applications

for managing moving objects, where the workload is characterized by a heavy load of index updates and

frequent queries. For indexing moving objects, some new index structures have been proposed recently.

A detailed survey can be found in [11]. These index structures can be classified into two main categories:

those indexing the historical locations of spatial objects and those indexing the current locations of spatial

objects. Our approach falls into the latter one.

In the first category, the historical movements of objects are represented by their trajectories. Pfoser et

al. [12] proposed the Spatio-Temporal R-tree (STR-tree) and Trajectory-Bundle tree (TB-tree). The STR-

tree organizes line segments not only according to spatial properties, but also by attempting to group the

segments according to the trajectories they belong to. The TB-tree aims only for trajectory preservation

and leaves other spatial properties aside, thus performing more efficiently than the STR-tree. Another

example of this category is the Multi-version 3D R-tree (MV3R-tree) [15], which is a combination of
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multi-version B-trees and 3D R-trees. However, such a database would be very large as it has to capture

the great deal of information generated by objects that are moving all the time. Hence, the critical problem

is to decide what are good historical data and how to store them efficiently.

The structures in the second category either index the locations of moving objects or use functions to ap-

proximate movement. The Lazy Update R-tree (LUR-tree)[10] reduces update cost by ignoring deletions

of objects that do not move out from the current minimum bounding rectangle (MBR). [18] introduced the

issue of indexing moving objects to query their present and future positions by using the time function,

and proposed the PMR-Quadtree. A hybrid tree structure called Q+Rtree [21] differentiates fast moving

objects from quasi-static objects and stores them in the Quad-tree and the R*-tree respectively. A no-

table index for moving objects is the Time-Parameterized R-tree (TPR-tree) [13]. Due to its importance

to our proposed RP-tree, we shall give more details of the TPR-tree in the next paragraph. Algorithms

for both nearest neighbor queries and reverse nearest neighbor queries on moving objects have been pro-

posed based on the TPR-tree [4]. Nearest neighbor queries are also studied in [2, 8]. The TPR*-tree [16]

improved the TPR-tree by employing a new set of insertion and deletion algorithms.

Figure 3. An example of time-parametric MBRs in a TPR-tree

The TPR-tree is a variant of the R*-tree, in which the velocity of the moving objects are stored as

well as its position at certain time. The current location of a moving point is calculated according to that

position, velocity and the time elapsed. The coordinates of the bounding rectangles are also functions of

time, which means that in each dimension, the lower bound of an MBR is set to move with the minimum

velocity of the enclosed objects, while the upper bound is set to move with their maximum velocity (as

shown in Figure 3). This ensures that the bounding rectangles are indeed bounding at all time considered.

But conservative bounding rectangles never shrink, and are minimum only at some point of time. As time

passes, the enlarged MBRs will overlap and adversely affect query performance. Therefore, there is a need
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to adjust the bounding rectangles (the so-called “tightening” of the rectangles), and it is desirable to make

the adjustment every time any of the moving objects or rectangles that they bound are updated. While the

tightening of bounding rectangles increases query performance, it negatively affects update performance,

which is a also very important issue.

3 The RP-tree

In this section, we present our proposed index structure: the Reference-Point-based tree (RP-tree),

which facilitates the kNN query of moving objects and also reduce the update cost, in both single-user and

multi-user environments. Then we give the update and query algorithms.

3.1 The Structure of the RP-tree
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Figure 4. Overall representation

Our approach is motivated by the observation that moving objects are not uniformly distributed in the

real world, but assemble around certain places (like shopping malls, commercial centers, etc.) that serve

as sources and destinations of moving objects. Queries often follow the distribution of moving objects as

people tend to be more interested in places where activities are frequently carried out. We refer to these

locations of interest asreference points(RPfor short).

In our algorithm, we treat reference points as pre-known data, which can be obtained by either clustering

objects in the datasets or selecting places of interest in the real world. Given these reference points, we
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use the Voronoi diagram to partition the entire space into disjoint subspaces (as shown in Figure 4(a),

broken lines). Each subspace is called acontrol areaand it has the following important property: an

object falling into thecontrol areaof a reference point is closer to this reference point than to any other

reference points. We now construct the RP-tree, which is a general tree structure comprising two layers.

The upper layer indexes the locations of all reference points with their control areas as attributes. Note that

such information is static. Each reference point exploits a second layer index to manipulate all moving

objects inside its control area, and anauxiliary data table(ADT ) to maintain the information of objects

from other control areas that may enter this control area at some future time. In this paper, we choose the

R*-tree as the upper layer index and the TPR-tree (which has been described in the previous section) as

the lower layer index (see Figure 4(b)). Other structures can also be used if necessary.

The ADT is a table of records, which are in the form〈node pointer, enter time,MBR〉. nodepointer

points to a disk page (or node) that contains an object which may enter this control area at some fu-

ture timeenter time. MBR is the time-parameterized minimum bounding rectangle of the node that the

node pointer points to. Figure 4(a) gives an example. At timeT0, a carp1 in the control area ofRP4

travels towardsRP5 along a highway. If the car kept this velocity, it would enter the control area ofRP5

at timeT2. If T2 is before the next update time, a pointer to the leaf node containingp1, the entering time

T2, and the MBR of the leaf node is stored in the ADT ofRP5. When a queryq in the control area ofRP5

is issued at timeT1 for kNN at the future timeT3 (T3>T2>T1>T0), we check the ADT ofRP5 to see

which objects from other control areas may come in. ADTs is organized as sequential files. We initially

allocate certain space for each RP. The size of the ADT is enlarged when necessary. Typically, the ADT

is one to two pages large as observed from our experiments.

There are several advantages of the RP-tree. First, different from the TPR-tree, which uses a single

hierarchical structure to organize the entire set of moving objects and thus requires searching a large index

tree to process kNN queries, the RP-tree requires searching only a few (often, only one) smaller “local”

TPR-trees. This is because queries often concentrate on the reference points, and the answers to queries

most likely exist in the control area of the reference points. Second, indexing objects separately in each

control area may save unnecessary search occurring along the borders of the control area. The partition

largely avoids the inefficient cases in the TPR-tree as described in Figure 2. Moreover, local TPR-trees

are relatively independent of each other. This allows more freedom for concurrent operations.
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3.2 Index Creation

Algorithm Insertion: (o)
/* Input: o is the object to be inserted */
1. Identify the nearest reference pointRPi of o in the upper level of the RP-tree
2. Inserto to the TPR-tree of theRPi

3. If there is a split in the leafnode
4. For each objectoi in the two new leafnodes
5. Invoke AdjustADT(oi)
6. Else
7. Invoke AdjustADT(o)
End Insertion
Algorithm Adjust ADT: ( o)
1. For all RPs whose control area thato may pass by according to its current location

and velocity within the maximum update interval
2. new entertime is the time wheno will enter the control area ofRPi

3. If there exists a pointer in one of the tuples of ADT ofRPi pointing to the leaf node containingo
4. Compare thenew entertime with theenter time in that tuple and

modify enter time to the earlier one
5. Update theMBR in that tuple
6. Else
7. Create a new tuple〈new nodepointer, new entertime, new mbr〉

/*new nodepointer points to the leaf node containingo,
new mbr is the corresponding MBR of the leaf node */

8. Add the new tuple to the ADT ofRPi

End AdjustADT

Figure 5. Algorithm of insertion

Figure 5 presents the essence of the insertion algorithm. Given a new objecto, we first find the nearest

RP (reference point) ofo in the upper level of the RP-tree and insert objecto to the corresponding TPR-

tree. Then, we adjust the ADTs of RPs whose control areao may pass by before its next update. The

enter time in the ADT should be maintained as the earliest time when the leaf node overlaps with the

control area. When a leaf node splits, the affected ADTs are the original ones and those introduced by the

newly inserted object. We would then need to recalculate theirenter timeand modify the pointers.

It is worth mentioning that we generally predict the future trajectory of one object within the maximum

update interval for the ADT. That means an object that must have been updated before the query time (not

query starting time) will not be treated as an answer. For example, an objecto is inserted at time0 and the

maximum update interval is120. Suppose a query is issued at time90 and has the query time140, and the

8



objecto has not been updated yet. We do not need to retrieve objecto since it will be definitely updated

before120, which means we can not use its current moving function to predict its position after time120.

We believe that this rule is rational because if we already know that an object has been updated, it would

be meaningless to use its outdated data for predictions. In the experiments, for the fairness of comparison,

this constraint is also applied to the TPR-tree.

To remove an objecto, there are two steps. First, we removeo from the TPR-tree of its nearest RP.

Second, we check the ADTs containing the pointers to the leaf nodeo, and modify theenter time in the

corresponding tuple or delete the tuple from the ADT. Note that when a leaf node underflows, we first

load in the related ADTs and delete the tuples belonging to this leaf node, then reinsert entries in the leaf

node to the TPR-tree, adjust these ADTs in the mean time, and finally write in the modified ADTs.

3.3 KNN Query

Figure 6 presents the kNN search algorithm. Given a query pointq, we first identify its nearest RP by

searching the upper level of the RP-tree. Then we search the TPR-tree of this RP to getk candidate nearest

neighbors by the search algorithm proposed in [5]. Next, we search the ADT of this RP and modify the

Dk (the distance between query pointq and itsk’th nearest neighbor). If the query circle (centered atq,

with radius equal toDk) is wholly inside the control area of this RP, the algorithm terminates. Otherwise,

we perform an enlarged search: (i) find the RPs whose control areas overlap with the query circle from

the upper level of the RP-tree; (ii) search their ADTs (also usingmindistas a pruning metric) and local

TPR-trees, adjust the radius of the query circle (i.e.,Dk); and (iii) repeat (i) (ii) until the query circle is

bounded in the sum of control areas of the accessed RPs. Note that during the enlarged search, some leaf

nodes which are stored in both ADTs and local TPR-trees are only checked once.

3.4 Concurrency Control Scheme

In order to support multi-user concurrent access to the database via the indexes, the issue of concurrency

control scheme must be addressed. A naive solution to this problem is to have the whole tree locked when

one operation is executed, which is very inefficient. An efficient algorithm is the R-link tree proposed in

[9], which introduces few lock-coupling and guarantees that insertion can be performed without blocking

search processes. R-link is a right-link, a pointer from every node to its right sibling at the same level.

9



Algorithm KnnQuery: (q, k, t)
/* Input: To findk nearest neighbors ofq at future timet */
1. Identify the nearest reference pointRPi of theq in the upper level of the RP-tree
2. Search in the TPR-tree ofRPi

3. Store thek candidate nearest neighbors in a listL
4. Dqc is the distance betweenq and its nearest boundary of the control area ofRPi

5. Dqk is the distance betweenq and thek-th candidate nearest neighbor
6. Invoke SearchADT(q, k, t, RPi, Dqk, L)
7. If (Dqc < Dqk)
8. Invoke EnlargedSearch(q, k, t, RPi, Dqk, L)
9. ReturnL
End KnnQuery
Algorithm Search ADT: ( q, k, t, RPi, Dqk, L)
1. adt = the pointer to the first tuple in the ADT ofRPi

2. While (adt is not null)
3. mindist is the minimum distance betweenq andadt.MBR
4. If (adt.enter time < t andmindist < Dqk)
5. Search the leaf node thatadt → NodePointer points to
6. Modify L that stores knn candidates and adjustDqk

7. Return(Dqk, L)
End SearchADT
Algorithm Enlarged Search: (q, k, t, RPi, Dqk, L)
1. Sort RPs according to the minimum distance betweenq and boundaries of control area of RP

in an ascending order
2. While (Dqk exceeds the sum of control area of searched RPs)
3. Pick theRPi according to the sorted order
4. Invoke SearchADT(q, k, t, RPi, L)
5. Search in the TPR-tree ofRPi

6. AdjustL andDqk

7. Return(Dqk, L)
End EnlargedSearch

Figure 6. Algorithm of kNN query

Besides right links, a unique logical sequence number (LSN) is assigned to each node. Each entry in a

node contains the LSN that it expects the child node to have. If a node has to be split, the new right sibling

is assigned the old node’s LSN and the old node receives a new LSN. A process traversing the tree can

detect the split even if it has not been installed in the parent by comparing the expected LSN, as taken

from the entry in the parent node, with the actual LSN. If the later is higher than the former, there was a

split and the process moves right. When the process finally meets a node with expected LSN, it knows

that this is the rightmost node split off the old node.
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We employed this algorithm to the TPR-trees in the RP-tree. For ADT, we simply lock the tuple in the

ADT when its tuple is being used. And the R*-tree in the upper level does not need any lock since it is a

static structure.

4 Cost Model

In this section, we present a cost model to estimate the disk access cost of the kNN search of the

RP-tree. [17] has proposed a method to estimate the kNN search cost for static databases, which uses

a rectangle of equal volume to replace a query circle. Our cost model is based on the formulas in [17],

but we need to modify these formulas to capture the features of a moving object database. We mainly

study moving objects in two-dimensional space (the data space has unit length in each dimension), there-

fore the cost analysis is also confined to two-dimensional space. Generalization to higher dimensions is

straightforward. Notations used in the analysis are summarized in Table 1.

Notation Description
b maximum capacity of a node
Dk distance between the query point and itsk’th nearest neighbor
f average fan-out of a node
h the height of a tree
IO query cost measured as number of disk page accesses
k number of nearest neighbors required
L side length of a square
ni number of nodes at level i
N number of objects in the dataset
Nr number of reference points
P probability
si average extent of a level-i node of a hierarchical structure
Tq predictive time length of a query
V ol volume
Θ(q, r) the query circle with centerq and radiusr
Ξ(R, d) the Minkowski region of a rectangle R with distance d

Table 1. Notations used in equations

4.1 Thek’th Nearest Neighbor Distance

In [17], thek’th Nearest Neighbor DistanceDk is estimated by the following equation.
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Dk =
2
Cv

[
1−

√
1− (

k

N
)

1
d

]
(1)

where

Cv =
√

π

[Γ(d/2 + 1)]
1
d

, Γ(x + 1) = x · Γ(x), Γ(1) = 1, Γ(1/2) = π1/2

and thed is dimensionality of the data space.

Here, we letd = 2 and get the following equation.

Dk = 2√
π

[
1−

√
1− ( k

N )
1
2

]
(2)

4.2 Disk Page Accesses with the R*-tree and the TPR-tree

The average disk page accesses of general queries on hierarchical structures are given by equation 3

[19]. Note that a disk page is a node, so page and node are used interchangeably in the sequel.

IO(N) =
h−1∑

i=0

(ni · PIOi) (3)

h is the height of the tree (leaf nodes are at level 0).PIOi is the probability that a node at leveli of the

tree is accessed.ni is the total number of nodes at leveli of the tree. In turn,h andni can be estimated as

h = 1 + dlogf N/be andni = N/f i+1 respectively, whereb is the maximum capacity of a node, andf is

the average node fanout (typically,f = 69% · b).

The number of node accesses is equal to the number of nodes whose MBRs intersect the query circle

Θ(q,Dk). An MBR R intersectsΘ(q, Dk), if and only if its Minkowski regionΞ(R, Dk) containsq (see

Figure 7(a)). In the unit data spaceU , the intersection probability equals the volume ofΞ(R,Dk)
⋂

U . To

calculate this probability, we first need the average extent of a node (i.e., the extent of an MBRR) at level

i. In the R*-tree, the average extent of a node is given by equation 4 [17]. In the TPR-tree, MBRs are

time-parameterized, thus we consider the enlargement of the MBRs after a period of time by its maximum
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and minimum velocity (see Figure 7(b) and equation 5).

si =
1

2[log2 (ni)]/2
=

1

( N
f i+1 )

1
2

(0 ≤ i ≤ h− 1) (4)

s
′
i = si + ∆v · t, ∆v = vmax − vmin (5)

In two-dimensional space, the Minkowski sum of the rectangleR with distanceDk is given by equa-

tion 6.

V ol(Ξ(R, Dk)) = s2
R + 4Dk · sR + πD2

k (6)

When the Minkowski region is approximated by a square of the same volume [17], the side length of

the squareLR is given by equation 7.

LR =
√

V ol(Ξ(R,Dk)) (7)

Then, the probability of a node at leveli of the tree being accessed is

PIOi =





(
Li−(Li/2+si/2)2

1−si

)2

if Li + si < 2 (0 ≤ i < h)

1 otherwise.
(8)
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Combining equations 1-8, we obtain equation 9 to estimate the kNN search cost of the R*-tree. By

replacingsi andLi with s′i andL′i respectively in equation 9, we obtain equation 10 to estimate the kNN

search cost of the TPR-tree.

IOr∗(N, k) =
logf

N
b∑

i=0

[
N

f i+1
·
(

Li − (Li/2 + si/2)2

1− si

)2]
(9)

IOtpr(N, k) =

Tq∫

0

logf
N
b∑

i=0

[
N

f i+1
· (L

′
i − (L

′
i/2 + s

′
i/2)

2

1− s
′
i

)2
]
dt (10)

4.3 Disk Page Accesses with the RP-tree

In the RP-tree kNN search algorithm, we first locate the control area of the reference point nearest to the

query pointq. Second, we search the local TPR-tree of the reference point and the corresponding ADT. If

thek’th candidate is outside the control area of the reference point, the enlarged search is executed.

The disk accesses to the RP-tree consist of two parts. One part comes from accesses to the R*-tree

to search the nearest referent point of a given query point. The other part is caused by the accesses to

MRBs referenced by local TPR-trees or ADTs. For each reference point whose control area overlaps with

Θ(q,Dk), its local TRP-tree and ADT will be searched. However, it is difficult to estimate how many

control areas will overlap, because the distribution of moving objects in reality is not uniform and hard to

be described with a function. Therefore, we use the sampling strategy to estimate the number of control

area that overlaps withΘ(q, Dk), i.e., we test a number of queries that follow the same distribution as the

data and obtain an average number of control areas being affected.

Finally, we summarize the number of disk page accesses for kNN queries in the RP-tree as follows.

IOrp(N, k) = IOr∗(Nr, 1) +
∑

accessed

[IO(local TPR− tree) + IO(leaf nodes in ADT )]

(11)
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5 Performance Evaluation

In this section, we examine the efficiency of the RP-tree and evaluate the accuracy of the cost model.

We compare the kNN query and update performance of the TPR-tree and RP-tree through extensive ex-

periments.

All the experiments were conducted on a computer with 1.6G PentiumIV CPU and 256M memory. The

disk page size was 4KB, and the resulting leaf node capacity was 204 entries for both the TPR-tree and

the RP-tree. We used two kinds of datasets. One is based on a synthetic network. The other is based on

real road network in Singapore (see Figure 1). The generations consist of three steps as follows:

First, we need to decide the reference points. For the synthetic dataset, some number of reference

points were generated randomly, simulating locations of interest. For the real-network-based dataset,

commercial centers are picked up as the reference points. Second, some moving objects were generated

around the reference points, simulating vehicles moving within areas close to the locations of interest, with

a relatively low speed varying from 0 to 6 (the extent of each dimension of the space was set as 5,000).

These objects are called theintra-objects. Finally, some moving objects were generated in a network of

two-way routes which connected the reference points. These objects simulated vehicles travelling on the

motorways, with a relatively high speed varying from 0 to 10, and they are called theinter-objects.

In the experiments, we varied the number of objects in the datasets from 100K to 1M and the ratio

between the number of inter-objects and the total number of objects from 0 to 1. The average interval

between two successive updates of an object was set as 60 time units and the maximum interval was set as

120 time units. The distribution of the query points followed the same distribution of the moving objects,

with predictive time ranging from 0 to 60 time units after the starting time.

Unless otherwise noted, the experiment results we present in the following are of datasets with 100K

objects and the ratio between the number of inter-objects and total number of objects was 0.5; the number

of reference points was 100. We shall discuss the effects of the number of reference points in Section 5.3.

We created the RP-tree on a dataset at timestamp 0. After that, 500 20-NN queries were performed.

The average number of disk page accesses was used as the metric of performance of kNN search and

updates, while throughput and response time were measured in evaluating concurrency control issues.

The parameters used are summarized in Table 2, where values in bold denote default values used.
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Parameter Setting

Page size 4K
Node capacity 204
Space 5000× 5000
Dataset Synthetic, Real
Dataset size 100K, ... , 1M
Maximum velocity of inter-objects 10
Maximum velocity of intro-objects 6
Ratio between inter-objects and the total number of objects0, 0.1, ... ,0.5, ... , 1
Maximum update interval 120
Number of reference points 1, 25, 50, 75,100, 125,150
Number of queries 500
Number of nearest neighbors 1, 20, 40, 80, 160, 320
Maximum predictive interval 60

Table 2. Parameters and their settings

5.1 Query Performance

In this set of experiments, we compared the query performance of the TPR-tree and the RP-tree by

varying the size of the dataset, the ratio of inter-objects and total objects, the number of updates, and the

number of required nearest neighbors. Finally, we investigate the performance of both indexes by using

the real-network-based dataset.

5.1.1 Effect of dataset size

In the first experiment, we fixed the number of reference points to 100, and compared the search perfor-

mance (queries were issued at timestamp 0) when the number of objects in the dataset ranged from 100K

to 1M. As shown in Figure 8, the RP-tree scales up better than the TPR-tree. More than 50% I/O cost is

reduced. This indicates that the search algorithm of the RP-tree, which restricts the search area often in

one subspace, is more effective than that of the TPR-tree.

We also examine the size of ADT that may affect the search performance of the RP-tree. Figure 9

shows both the average and maximum size of ADT of all the subspaces. We can observe that the average

size of ADT is small and increases slowly with the dataset size. Whereas, the maximum size of ADT is

much bigger. The possible reason is that central subspaces may have objects coming into it from every

directions which results in the big ADT size. This may not degrade the search performance, because one

query needs to search only a few nodes that the ADT refers to. Recall that, the ADT stores the MBR

information of the node, which avoids unnecessary node accesses.
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Figure 8. Query performance for varying
number of moving objects
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Figure 9. The size of ADT for varying
number of moving objects

5.1.2 Effect of ratio between inter-objects and total objects

In this experiment, we varied the ratio between inter-objects and total objects from 0 to 1. As shown in

Figure 10, the query costs of both trees are lower when the ratio is equal to 0 or 1, and reach the maximum

value when the ratio equals 0.5. This behavior could be explained as follows. When the ratio equals 0, it

means all objects are intra-objects with low speed. Accordingly, the MBRs containing such objects also

expand at lower speed. When the ratio equals 1, it means all objects are inter-objects that move in the route

of the network interconnecting the reference points. In this case, the MBRs may contain objects moving

towards the same direction and move with these objects. Finally, when the ratio is between 0 and 1, the

MBRs containing both slow-moving objects and fast-moving objects may enlarge seriously because slow

moving objects usually move around reference points while fast moving objects travel among reference

points.

Again, we study the average and maximum size of the ADT (see Figure 11). Observe that the average

size of the ADT is almost the same for the different ratios. The maximum size of the ADT first increases

and then shrinks, which shows the similar trend of the query performance of the RP-tree. This is because

the ADT stores pointers to the nodes that contain objects may enter the current control area. When all the

objects are slow or fast, objects that may enter the control area of other reference points are usually stored

in the same nodes, and hence the ADT will contain less tuples.
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Figure 10. Query performance for varying
ratio (inter-objects/total objects)
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Figure 11. The size of ADT for varying
ratio (inter-objects/total objects)

5.1.3 Effect of the number of updates

To study the character of the indexes with time, we measured the performance of the TPR-tree and the RP-

tree using the same query workload after every 10K updates. Figure 12 shows the query cost as a function

of the number of updates. We observe that the deterioration of the TPR-tree is considerably faster, whereas

the RP-tree keeps almost constant performance. In particular, after 100k updates, the query cost of the

TPR-tree is up to four times higher than the RP-tree. This is because, as mentioned in Section 3.1, each

local TPR-tree of the RP-tree is relatively smaller than a single TPR-tree indexing the entire dataset, and

small TPR-trees would be more efficient in search operation and less influenced by the increase in the

overlap of the MBRs as time passes.
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Figure 12. Query performance for varying number of updates
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5.1.4 Effect ofk

Figure 13 shows the query performance when the number of required neighbors (k) is varied. The search

cost of both the RP-tree and the TPR-tree increase ask increases, since the search circle is larger for greater

k. The RP-tree always outperforms the TPR-tree and the cost of the RP-tree increases much slower than

that of the TPR-tree.
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Figure 13. Query performance for varying k

5.1.5 Real data set

Finally, we compare the search performance of the TPR-tree and the RP-tree by using the real-network-

based datasets. The number of reference points is fixed to 35. Figure 14 shows the results. As expected,

the RP-tree always performs better than the TPR-tree. The reason is similar as that for Figure 8.
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Figure 14. Query performance for real-network-based datasets
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5.2 Update Performance
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Figure 15. Update performance for varying number of updates

We now compare the average update cost (amortized over insertion and deletion) of the RP-tree against

the TPR-tree. For 100K moving objects, we performed 100K updates and computed the average update

cost of every 10K updates. Note that for each update, one deletion and one insertion were issued, which

kept the size of the tree unchanged after updates. From Figure 15, we can see that the RP-tree maintains

nearly constant update cost while the cost of the TPR-tree increases significantly over time. This is because

each deletion must perform a query to retrieve the object to be removed, and the cost of this query increases

with the number of updates. The RP-tree restricts the query to a few (and often one) local TPR-trees, and

thus achieves better performance.

5.3 Effects of the Number of Reference Points
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Figure 16. Performance for varying number of reference points

All the above experiments were conducted when the number of reference points was 100. To see how

the number of reference points affects the performance of the RP-tree, we also carried out experiments
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on datasets with different numbers of reference points as shown in Figure 16. Observe that the query and

update costs both decrease quickly at first, because the TPR-tree in the RP-tree becomes smaller when

the number of reference points increases. Then, the query cost increases slightly, because the control area

of one reference point becomes too small and more neighbor TPR-trees need to be checked during one

query process. The update cost has the same increasing trend because the size of the ADT grows when

the number of reference points increases. Thus, the maintenance cost of the ADTs counteracts the savings

from the smaller TPR-trees. According to these observations, we have use 100 as the default number of

reference points in our experiments.

5.4 Concurrency Control
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Figure 17. Throughput
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Figure 18. Response time

In this section, we compare the performance of the TPR-tree (also employing the R-link technique)

and the RP-tree under multi-user environments. We used multi-thread programs to simulate multi-user

environments. We number of threads varies from 1 to 6. The workload was defined as one searcher and a

varying number of updaters (since update is more frequent than query in applications of moving objects).

We investigated the throughput and response time of search and update operations on the index. Through-

put is the rate at which operations could be served by the system. Response time is the time interval

between issuing an operation and getting the response from the system when the task was successfully

completed. Both the TPR-tree and the RP-tree reached their maximum throughput with two threads (one

searcher and one updater). The results are shown in in Figure 17 and Figure 18. Throughput of the RP-

tree is over 30% higher than that of the TPR-tree while the response time of the RP-tree is always less

than that of the TPR-tree. The main reason for this behavior is that the local TPR-trees in the RP-tree are
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independent of each other. In addition, the ADT search would only lock leaf nodes.

5.5 Cost Model Evaluation

Finally, we evaluate the accuracy of our cost model for the RP-tree. The data set used contains objects

varies from 100K to 1M. We performed 500 20-NN queries on each data set and obtained the average

I/Os. The result is shown in Figure 19. The maximum relative error between the estimated cost and the

actual cost is 10%.
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Figure 19. Cost model evaluation

6 Conclusion

With the wireless technique becoming increasingly popular, query efficiency is an important issue that

challenges the systems that are based on it. In this paper, we have examined using the indexing technique

to enhance performance fork nearest neighbor (kNN) queries.

Through the careful analysis of some existing index structures, we have discovered that traditional

spatial index structures do not work well in moving object environments which are characterized by a large

number of continuously moving objects and concurrent active queries over these objects. A new index

structure called the RP-tree has therefore been proposed. Different from the existing approaches, the RP-

tree indexes moving objects based on an important observation that queries usually occur around certain

places, i.e.,reference points. The RP-tree partitions the whole space into separate subspaces according to

the reference points, and constructs individual TPR-trees in each subspace, with an auxiliary data structure,

the ADT. We presented the kNN search and update algorithms for the RP-tree with concurrency control

considerations. We also developed a cost model to estimate the disk page access cost of the RP-tree kNN
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search. Our experimental study demonstrates that the RP-tree achieves considerable improvement over

the TPR-tree in both single-user and multi-user environments and our cost model is accurate.

Currently, we are extending the RP-tree to integrate network information, that is, performing kNN

queries with network route distance instead of Euclidean distance since the route distance would be more

helpful in the real applications. The difficulty lies in two factors. First, it is usually costly to maintain and

retrieve network information. Second, trajectory prediction of moving objects become complex, because

we have taken the constraints imposed by roads into account.
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