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Abstract stantly changing. A very recent trend in spatio-temporal
database research is to continuously monitor such query re-
Continuous spatio-temporal queries have recently re- sults. Mokbelet al.[8] proposed a framework called SINA
ceived increasing attention due to the abundance ofwhich continuously monitors range queries over moving
location-aware applications. This paper addressesiba- data. lwerkset al. [4] presented a continuous fuzzy sets
tinuous Reverse Nearest Neighbor (CRNN) Qu@&iven a approach to maintain the spatial semijoin queries over lin-
set of object®) and a query se), the CRNN query moni-  early moving objects. Other work [9, 14, 16] addressed the
tors theexactreverse nearest neighbors of each query point, problem of continuous nearest neighbor (CNN) monitoring.
under the model that both the objects and the query points  This paper addresses tlmntinuous reverse nearest
may move unpredictably. Existing methods for the reverseneighbor(CRNN) query. Given a set of object3 and a
nearest neighbor (RNN) query either are static or assume aquery setQ, all being static or moving, the CRNN query
priori knowledge of the trajectory information, and thus do monitors theexactreverse nearest neighbors of each query
not apply. Related recent work on continuous range query point over time. In this paper, we consider the monochro-
and continuous nearest neighbor query relies on the factmatic case of the RNN query where, an objeds con-
that a simplemonitoring regiorexists. Due to the unique sidered as a query poirts reverse nearest neighbor, if
features of the RNN problem, it is non-trivial to even define there does not exist another objetsuch thatlist (o, 0’) <
a monitoring region for the CRNN query. This paper de- dist(o, q).
fines the monitoring region for the CRNN query, discusses An example of the CRNN query in the location-aware
how to perform initial computation, and then focuses on in- environment is the BotFighter mixed-reality game. In this
cremental CRNN monitoring upon updates. The monitoring game, players find and “shoot” other players using their mo-
region according to one query point consists of two types of pjle phones to gain points. Only nearby players can be shot.
regions. We argue that the two types should be handled sepin order to avoid other players who will potentially shoot
al’ately. In continuous monitoring, two Optimization tech- h|m’ a p|ayer may register a monitoring query at the server
niques are proposed. Experimental results prove that our to continuously monitor his RNNs. Another application of
proposed approach is both efficient and scalable. the CRNN query is in the battlefield, where a soldier regis-
ters a CRNN query to monitor the soldiers who might seek
help from him.
1. Introduction Previous work on finding RNNs focused either on the
static query [10, 15, 7, 12], or the predictive query [1]. The
Mobile devices and widespread wireless networks havepre_dictive query is_based on the assumption (.)f knowing the
brought a proliferation of location-aware applications- E _tra]e_ct_ory mfo_rmatl(_)n. However, these techn_|qu_es become
amples include traffic monitoring, enhanced 911 service inefficient or inapplicable in the CRNN monitoring prob-

and mixed-reality games (e.g. BotFighters [3]). Such ap- Iem. Unlike .the static RNN query, the CRNN query re-
plications involve objects and query points that move un- quires updating the result set efficiently to reflect the cur-

predictably, where their locations are updated frequently rent m;)non of Ob_]eCtS_ and queries. To re?omp#.te. the RN(’;‘
In this highly dynamic environment, results of traditional 44€Y 0f EVEry time instance Is extremely inefficient, an

spatial queries are no longer static, but instead are COn_usually the results will become immediately outdated in a

highly dynamic environment. On the other hand, the move-
*Partially supported by NSF CAREER Award 11S-0347600. ments of objects in real applications are usually unknown




and the motion patterns are constantly changing [11]. Thus, 2. We provide an efficient extension of the SAE method

the trajectory-based TPR-tree [13] will be too expensive to
maintain for the CRNN query and its derived methods will
be inefficient. To the best our knowledge, this paper is the
first work that provides amcrementaland scalablesolu-
tion to the CRNN query.

In our paper, we do not make any assumption of the
movement of objects. Instead, the objects periodicallgsen
updates of their locations to the central server. Multiptey
running queries from geographically distributed clients a
registered in the server. We use a grid index for the mov-
ing objects and query points, since more complicated index
structures are expensive to maintain in a highly dynamic en-
vironment [16, 9]. The server usually processes (i.e. com-

[10] to compute the initial CRNN query result. The
filter step performs NN searches simultaneously for up
to six candidates and visits the optimal number of pro-
cessed cells. The refinement step is partially integrated
with the filter step.

3. Updates of the pie-regions and circ-regions are han-

dled incrementally and efficiently. In particular, a
new monitoring scheme is proposed to process the up-
dates of the circ-regions, using an in-memory FUR-
tree and a hash table. Two important optimizations,
lazy-updateandpartial-insert are also proposed.

The rest of this paper is organized as follows. Section

putes and updates) the queries in main memory to deal with reviews existing work on RNN queries and continuous
the high rate of (object or query) location updates. queries, focusing on the CNN query. Section 3 defines the
We call a region that may affect a query timenitoring  monitoring region of a CRNN query. While Section 4 ex-
region of that query. Our approach defines the monitoring tends the SAE method to compute the initial results of the
region of a CRNN query point, and provides efficient and crRNN queries, Section 5 provides incremental algorithms
incremental algorithms to maintain the monitoring region. g process the updates happening in the monitoring regions.

The monitoring region of a CRNN query point is intrinsi- - section 6 presents the experimental results. Finallyj@ect
cally more difficult than that of a continuous range query 7 concludes this paper.

or a CNN query, as it depends on tbieject-objectelation
(i.e. the distance between objects may change the results)
As we will see, there is a need to differentiate two differ- 2. Related Work
ent shapes of regions for a CRNN query point: pie-shaped
regions and circle-shaped regions. We provide a new al-
gorithm to compute the initial results of a query pointin a
filter-refinementashion, combining the method in [10] (de-
noted asSAB and the conceptual space partitioning of [9].
After the initial computation, we maintain the monitor-
ing regions (i.e. the pie-regions and circ-regions) in@am i . ;
tally. We monitor the pie-regions by using the conventional and Lin [15] improved the above method biytually stor-

book-keeping information in the index and the query ta- ing a circle along each object in the original R-tree. Every
ble. To maintain the circ-region, however, the conventiona pointin the leaf is augmented with the distance to its neares

method will incur frequent cell updates even when the pie- nfeig”hbo_r (0"?'””2; andbevery in(:]ex entry storzs the minn q
regions are unchanged, and will perform unnecessary nnOf all points in the sub-tree. The augmented R-tree (name

search operation to tightly bound the circ-regions. In our RdNN-tre¢ not only reduces the storage, but also provides

approach, we store the circ-regions separately using an in_additional pruning during the RNN search.

memory FUR-tree (Frequent Updated R-tree [6]) and a hash The methods based on pre-computation incur extra up-

table, so that the circ-regions do not need to be kept tight al plate cost of ma'”t‘?“”'”_g the correahhnfor egch object or
the time. New algorithms are proposed to handle the up_|ndex entry, especially in the dynamic environment, where

dates happening inside the circ-regions. Two optimization objects may move. Stanet al.[10] proposed an approach

techniqueslazy-updatendpartial-insertare also proposed ~ (denoted as SAE) without pre-computation. SAE divides

to avoid unnecessary NN searches and reduce the updatdf® shace centered at the querinto six equal partitions
on the FUR-tree. of 60°, from Sy to S5 shown in Figure 1. It can be proved

The key contributions of this paper are summarized asthf’“lt the only C_‘?‘”d'dates_"f the RNNS are the six NNs (_)f

follows. ¢ in each partition. For instance, in Figure 1, the candi-
dates ofy’s RNNSs areo; in Sy, 02 in Sy, 03 in Sa, 04 in S3
1. We define the monitoring region of a CRNN query andog in S4 (note that there are no objects ). Since
to consist of two parts: the pie-regions and the o, ando, are false positives whose NNs afgandos, re-
circ-regions. The defined monitoring region reduces spectively, the RNNs of areo,, o3 andog. SAE follows

a CRNN query to the monitoring of several (con- the filter-refinement framework, such that (1) it first finds

strained) CNNs. six constrained NNs in each region as the candidates, and

The RNN query was first studied by Korn and Muthukr-
ishnan [5]. In their method, a circle is pre-computed for
each object, and it is centered at the object and having its
NN on the perimeter. A separate R-tree is used to index the
set of such circles. Given a query pointthe RNN prob-
lem is then reduced to finding the circles containjnyang



(2) for each candidate, it performs an NN search to see if Ys

the candidate really consideysas NN. Later, Taet al. in- : L

troduced another efficient method (denoted as TPL) for the . R El

static RNN search. Given a query poiptTPL recursively o “q ) 1T :

prunes the space using the bisector betweand its NN in NG . Dy |Ro R |Ro|Rs

the unpruned space, until there is no object left. Then in the ER % Dy

refinement step, TPL removes false positives by re-using . D,

the pruned MBRs. Ds
(a) lllustration of an (b) The conceptual space
update partitioning of a query

Figure 2. An example of the CNN query.
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The CNN query was recently studied in [14, 16, 9]. and ) i
three methods (denoted as SEA-CNN, YPK-CNN, CPM- Figure 3. lllustration of the FUR-tree.
CNN, respectively) were proposed. All three methods share
the same framework in handling the updates, by keeping a
monitoring region for each query point. During the updates, 3, The M onitoring Region
the monitoring regions are adjusted when objects move in
and out of the region. For example, in Figure 2(a), the ihitia
NN of ¢ is 0;. Andq is associated with the shaded cells (ap-
proximation of the circle). Whea, moves ta), a new NN
search is performed, bounded by the enlarged circle with
radiusd(q, o}).

This section starts with reviewing the existing monitor-
ing regions for the continuous range query and the CNN
query. Then the challenges for designing a monitoring re-
gion for the CRNN query are identified. Finally we present
) our CRNN monitoring region.

CPM-CNN proposed the idea of the conceptual space  Themonitoring regiorof a continuous query enables the
partitioning around each query. It improves the straight- ossibility of incremental processing. It is a region amun
forward NN search on the grid by organizing the cells into 4 query point, such that it guarantees the query results are
conceptual rectangles for each query point. An example of naffected as long as no update happens inside the region.
the conceptual rectangles are shown in Figure 2(b). TheTne monitoring region should be as small as possible, since
rectangles are denoted by the directidip(Down, L eft or defining the whole space as the monitoring region is use-
R|ght)_and the level (i.e. the number of rec'FangIes between|egs in query processing. Ideally, it should be the small-
q and itself). To perform an NN search using CPM-CNN, ' a5t region, in which the updates will affect the query result
we push the conceptual rectangles into the heap sorted byyjithout ambiguity, we use botmonitoring regionandre-
the mindist to the query. When a rectangle is examined, thegion interleavingly for the same meaning.
cells within it is then pushed into the heap. We approximate monitoring regions by collections of

Recently Leeet al. [6] proposed theFrequent Update  cells as shown in Figure 4. It is easy to observe that the
R-tree(FUR-tree), which incorporates localized bottom-up monitoring region of aontinuous range quelg the query
update strategies into the R-tree. An example is shown inrange (usually a rectangle or circle), and that o€&N
Figure 3. The FUR-tree uses a secondary index (the hash tagueryis a circle centered at the query point and having the
ble in Figure 3) for access to leaf nodes, as well as a directNN on the perimeter. Both of them have the following prop-
access table for quick access to a node’s parent. When localerties.
ity is present in updates, the FUR-tree determines whether
to enlarge the leaf MBR or insert the new objectin a sibling 1. The region usually has a regular shape (e.g. arectangle
leaf node. Otherwise, the standard R-tree insertion will be or a circle). In particular, the region of a continuous
applied. range query is fixed.



Continuous range query

CNN query
p@
Monitoring Region

Figure 4. The monitoring regions of a contin-
uous range query and a CNN query.

Figure 6. The monitoring region of a CRNN.

gion should also include additional objects, among which

2. The region only contains the result objects. For exam- the change of distances will affect the query results.

ple, in the continuous range query, any object entering

the region will become a result.

We define the monitoring region of a CRNN query point
to consist of two parts: th@ie-regionsand thecirc-regions.

3. The region does not rely on the distances between ob-As shown in Figure 6, the shadowed areas are the six pie-
jects. This is because the continuous range and CNNregions and the circles are six circ-regions. The pie-iregio

gueries only considesbject-querydistance) relation.

However, defining the monitoring region of a CRNN
guery is intrinsically more difficult, as it does not satisfyy

and circ-regions are further described as follows. Given
a query pointy, the space is divided into six partitions of
60° centered ag. As proved by [10], the candidates of the
RNNs ofq are the six constrained NN in the six partitions.

of the above properties. A straightforward proposal might A pie-region in a partitiors; is a pie centered gtand hav-
be to consider the union of every circle, whose center is ing the constrained NN i$; on the perimeter. Intuitively,
some RNN object and whose radius is its distance to thethe pie-regions monitor the updates that will change the can

query pointg. This is illustrated in Figure 5. The rationale

didate set, and potentially affect the results. Furtheemor

is: whenever an object moves into such a circle of somesince the object-object relation is important in the CRNN

RNN objectO, we knowO will not be an RNN anymore.
Unfortunately, this approach is incorrect. In Figure sf

guery, the candidates in each partition and their nearby ob-
jects should also be monitored. A circ-region in a partition

moves toof, since the change happens outside the shad-S; is a circle centered at the candidateSinand having ei-

owed region, this approach will fail to detect the new RNN

therq or an object nearer thanon the perimeter. The circ-

objecto,. Therefore, we should monitor some objects even regions monitor the updates that will make a previous result

though they are not RNNSs.

e

Figure 5. An example which shows the region
that only covers the RNN objects is not a cor-
rect monitoring region for a CRNN query.

This example also illustrates that to monitor a CRNN
guery, it is necessary to consider thigject-objectelation-
ship as well as the object-query relationship. While the dis
tance between, andq is unchangedy, may become an
RNN of ¢ due to the change of distance betwegnand

o5. This implies that, besides the RNNs, the monitoring re-

be a false positive, or make a previous false positive be an
RNN. If a partition does not contain any object, there does
not exist a circ-region in this partition, and the pie-regi®
extended to the border of the space.

One way of implementing the circ-region is to make its
radius equal to the distance between the candidate and its
NN. As we will see, such an implementation will incur ex-
pensive maintenance of the NN circles, and will perform
unnecessary NN searches. In our method, we allow the ra-
dius of a circ-region to be the distance between the candi-
date and an arbitrary object that is nearer to the candidate
thang, if the candidate is a false positive. To ensure the
effectiveness of the circ-region, we propose two important
optimizationsjazy-updateindpartial-insert which will be
presented in Section 5.

By introducing the monitoring region of a CRNN query,
we reduce the problem to monitoring of several (con-
strained) CNNSs. The following theorem proves the correct-
ness of the monitoring region. Due to space limitations, the
proofs of theorems in this paper are omitted.



Theorem 1 The monitoring region of a CRNN query, con- Algorithm initCRNN(g, G)
sisting of pie-regions and circ-regions as shown in Figure 6 Input Queryq and the grid indexG
guarantees no update outside the monitoring region will af- Output RNNs ofq

fect the query results.

However, not all methods computing the static RNN
qguery will lead to the monitoring region of a CRNN query
point. Although TPL [9] is the state-of-the-art method for
the static RNN query, it is not suitable for the CRNN query.
In TPL, the space is divided by the bisectors between the
guery point and objects, which depend on positions of ob-
jects. Such space partitioning @bject-dependentnd is
not fixed for a given query point. On the other hand, the
space partitioning in SAE iguery-dependentThe bene-
fit of the query-dependemtartitioning is that the partitions
are fixed with a query and not affected by moving objects.
This property enables the possibility of incremental pesce
of the updates, and inspires the definition of the monitoring
region of a CRNN query point.

Based on the monitoring region of a CRNN query point,
in the next section, we present how to extend SAE to com-
pute the initial results and initialize the monitoring regs
of the CRNN query. In Section 5, we show how to main-
tain the pie-regions and circ-regions incrementally affid ef
ciently, especially for the circ-regions.

4. CRNN Query Initialization

In this section, we extend SAE to efficiently compute the
initial results and initialize the monitoring region of aeyy
point. Each query poing is stored in a query table (QT),
and is associated with six partitions (denoted fréigrto S
as in SAE). For each such partitiaf), QT stores (1) the
constrained NNcand; of ¢ and the distancd(q, cand;);

(2) an objectin_cand; nearer tocand; thang and the dis-
tanced(nn_cand;, cand;). If S; does not contain any ob-
ject,cand; andnn_cand; are allnull and the corresponding
distances are infinity. If is the NN ofcand;, nn_cand; is
set tonull and the distance is set #yq, cand;).

Figure 7 presents the algorithm to compute the initial re-
sults and the pie-regions/circ-regions for each querytpoin

We combine SAE with the conceptual rectangles [9] in the C2.

filter step to avoid unnecessary visits of cells. In the follo

ing, we userectanglereferring to the conceptual rectangle C3.

without any ambiguity. Six constrained NN searches are
performed simultaneously and cells are visited only once
and when necessary. We illustrate the filter step with an
example in Figure 8. Similar to the CPM NN search, in
Step 2, the cell containing and four rectangles around
(thick-lined in Figure 8a) is pushed into the heap. Parigio

1.

2.

3.

N

For each partitionS; of ¢, setcand; = null, nn_cand; =
null, d(g, cand;) = oo, d(nn_cand;, cand;) = oo, and a
booleanfin; = false

Initialize the heapH by pushing the cell containing and
four level zero conceptual rectangles into the heap.
Repeat

3.1 Getthe next entryfrom H.

3.2 For eachsS; intersecting withe and fin;, = false, if
e's key is larger thanl(nn_cand;, cand;), setfin; =
true. If all suchS;’s have fin; = true, continue.

3.3 Ife’'s mindist expires,@-set the mindist and re-insert
into H, continue.

3.4 Ifeis arectangle, push the next level rectangle of same
direction intoH, and for each celt in e,

(1) If ¢ intersects with at least one partition with
fin; = false, compute the mindist efand in-
sertcinto H.

3.5 Elsecis a cell, addg into the query list ok. For each
objecto in e,

(1) Compare with allcand; # null and update
nn_cand; andd(nn_cand;, cand;) if necessary.
Letcand; be the nearest candidate to

(2) Leto in Sy, updatecand; and d(q, candy) if
necessary. lkandix = o, updatenn_cands
and d(nn_candy, candy), using ¢ or candy,
whichever is nearer.

. Until all partitions S; have fin; = true or H is empty.
. For eachS; s.t. nn_cand; = ¢, perform NN search on

cand;. Updatenn_cand; andd(nn_cand;, cand;).

. Outputcand; if cand_nn; = gq.

C1.

Figure 7. The CRNN initialization.

Throughout Step 3, tmindistof a cell/rectangle is the
distance between the query point and the part outside
the finished partitions. It preserves the tightest lower
bound for the unpruned objects.

In Step 3.2, if a cell/rectangle is fully contained in the
finished partitions, it is not pushed into the heap.

In Step 3.3, when a cell/rectangle is de-heaped, its
mindist is checked whether it Bxpired That is, the
mindist no longer represents the part outside finished
partitions (i.e. the actual mindist increases). A new
mindistis computed and the cell/rectangle is reinserted
into the heap.

in which the constrained NN has been found are marked An example of Case 2 (C2) is shown in Figure 8(a).
as“finished”. In order to ensure concurrent and optimal When rectangld.; is popped from the heap, partitic#y
search for the six partitions, there are three cases where ouis marked adinished as the mindist betweeh; andgq is

method is different from the CPM NN search:

larger thand(q, 01). Cell ¢y 5 (the shadowed cell) id; is



S S sure efficient maintenance. In the following, we first differ
entiate various cases of updating the pie-regions in Sectio
4 / 5.1. Next, Section 5.2 presents a new scheme to handle the
EANA 1. updates in circ-regions, and proposes two optimizatidres, t
lazy-updateand thepartial-insert

& 5 G 5 5.1. Handling Updates in Pie-regions
(a) (b) Similar to previous work on continuous queries, we also
use the book-keeping technique to store pie-regions in the
grid index. Pie-regions are initialized in Step 3.5 of the al
gorithminitCRNNin Figure 7, when the cells intersecting
with pie-regions are visited. When an object update hap-
pens in a pie-region, there are three cases according to the
movement of the object, shown in Figure 9: (1) some ob-
not pushed into the heap. Figure 8(b) shows an example ofiect (0, or 05) enters a pie-region; (2) a candidate Or o5)
Case 3 (C3). Partitiof, is shadowed to indicate ifsished leaves a pie-region; (3) a candidate)(moves in the same

status. When rectanglé; is popped from the heap, simi-  pie-region. For clarity, we omit the circ-regions in Fig@re
lar to S», S is marked adinished The mindist associated

with Us (the thick dotted line) is expired as it does not rep- S S
resent the tightest lower bound for the unpruned the part of s
U, in partition Sp. A new mindist (the thick line) replaces
the old one and/; is re-inserted into the heap without ex-
pansion. The rationale is that we may not need to examine .
the content of the cell/rectangle with the new mindist. b

The following theorem proves the correctness of our fil-
ter step of the initialization.

Figure 8. An example of the filter step of a
CRNN query initialization.

PY o

[

&
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Theorem 2 The filter step of the CRNN query initialization Figure 9. Three cases of updates in pie-
returns correct results (up to six constrained NNs), and ex-  regions.
amines the minimum number of cells (i.e. it is optimal).

To eliminate the false positives found in the filter step,
we partially integrate the refinement step with the filtepste
in Step 3.5. An object examined in the filter step is used
to invalidate any existing candidate if it is a false positiv
Thenin Step 5, we only need to perform NN searches for the
candidates that haven't been invalidated before. The galn

Figure 10 describes the process of handling three cases
upon an object update. The algorithm updates all the pie-
regions affected by the old location and new location of an
object. In the meantime, due to the change of candidates,
_expired circ-regions are updated by the newly computed
circ-regions using AlgorithnupdateCandto be presented
% Section 5. 2). Step 3.1 handles the first case, where a

pie-region shrinks by setting the new candidate. Step 3.2

handles the second case, where a pie-region needs to be

5. Incremental CRNN Monitoring re-computed by constrained NN searches. Finally step 3.3
handles the third case, where the radius of a pie-region is

In this section, we discuss how to store and maintain there-computed. In all cases, a nhew circ-region may be com-
pie-regions and circ-regions. Upon updates of objects, weputed. Again, similar to the optimization in the initialtzan
incrementally modify the pie-regions and circ-regions as- process, we determine the circ-region centeresltat first
sociated with affected queries. When an existing query searching in existing candidates. If no candidate can prove
moves to a new location, we treat the update as deleting o as a false positive, a NN search is then performed.
with the old location and re-computewith the new loca- Furthermore, Updating the pie-regions upon each object
tion. We handle the query update in this way because re-update may be inefficient when multiple updates happens
computing a moving query is more efficient than updating in the same pie-region. Therefore, the algorithpaatePie
from the old query result, as shown in [16, 9]. could be extended to handle the updates of multiple objects,

While pie-regions are stored using the traditional book- as follows. For each affected query point, the updates of ob-
keeping technique, circ-regions are stored separately-to e jects are grouped by the six partitions, and for each affecte

may be identified without performing an NN search.



Algorithm updatePie (U, QT, G)
Input An object updaté/, query tableQT" and the grid indexz.

1. Initialize an empty seaf' storing the changed circ-regions.
2. Suppose issuedJ. 0.loceiq € ¢; ando.locpew € ¢;j
3. For each query; in eitherc;’s or ¢;'s query list,

/*Case 1*

3.1 If o enters a pie-region inS;, setcand; = o and
dnn; = dist(o,q). Determine the new circ-region.
InvokeupdateCand to update the circ-region.

[* Case 2 */

3.2 Ifois a candidate and leaves a pie-regionSp, per-
form a constrained NN search i#}; to determine the
new pie-region. liand; # null, determine the new
circ-region. InvokeupdateCand to update the circ-
region.

[* Case 3 */

3.3 Ifois a candidate and moves in a same pie-region in
Sk, updatednn;. Determine the new circ-region. In-
vokeupdateCand to update the circ-region.

Figure 10. Algorithm updatePI E.

partition, modify the pie region only once according to the
nearest updated object.

5.2. Handling Updates in Circ-regions

Straightforwardly, we could store circ-regions by asso-
ciating every cell that intersects with them. However, this
method is expensive for circ-regions, for the following-rea
sons. First, given a query, unlike pie-regions, a circ-
region is not always changed incrementally. That is, baside
shrinking and enlarging of a circ-region, it may be changed
to a completely different circle. An example is shown Fig-
ure 11. The circ-region around is changed to a different
circle wheno; moves too] along the perimeter of the pie-
region. For clarity, we omit the pie-regions and some other
circ-regions. Second, a circ-region may change frequently
even if the pie-region in the same partition is unchanged.
For example, both circ-regions ifi; and S5 is changed
while the corresponding pie-regions remain the same. Third
and most importantly, in order to ensure the minimum num-
ber of cells associated with a circ-region, the straightfor
ward method requires frequent computation of NN queries

Figure 11. Updates in circ-regions.

Since candidates are always the constrained NNs in a query,
the updates of candidates show strong locality, which could
be handled efficiently by the FUR-tree. Therefore, the set of
all candidate objects in the space is indexed globally by an
in-memory FUR-tree, and the circ-regions corresponding to
each candidate are virtually stored in the FUR-tree. That is
similar to the Rdnn-tree [15], for every candidate in thd,lea

it stores the radius of the circ-region (i.eand_dnn), and

for every index entry, it stores the max radius for all candi-
dates in the sub-tree. Besides the radius, each candidbte wi
also store the queries it belongs to. Also, as we mentioned
in Section 3, given a candidatend, a circ-region have ei-
ther a query poing or any object nearer taund thang on

the perimeter. We denote such objechascand. We use a
hash table, calletiN-Hashto store the set ofin_cand’s

and the pointers to their corresponding candidates in the
leaf. Intuitively, if a circ-region is affected by the oldda-

tion of an object, it could be quickly accessed by following
the pointer in NN-Hash.

Algorithm updateCand (o, o_nn, o_dnn, o', o_nn’, o_dnn’, q)
Input Old candidate, its NN o_nn and the radius_dnn. New
candidatey’, its NN o_nn’ and the radius_dnn’. The query g.
Action: Update the old circ-region @f to the new one.

1. Update the global FUR-tree using the modified bottom-up
strategies.
If the radius of the circ-region is changed, update andopro
agate the max radius stored in the index levels if necessary.
3. If ois deleted, update the nn in the NN-Hash. Add_nn’

to the NN-Hash ib_nn’ # null.

2.

Figure 12. Algorithm updateCand.

for candidates, even when the query results are unchanged. Figure 12 presents the algorithm to update a circ-region

For example, also in Figure 11, although the updatesof

in a partition of a query point. In step 1, the update is per-

does not change the query results, an NN search is still performed as if the old candidate moves to the location of

formed because of the enlargement of the circ-region.
Since the circ-regions do not need to be kept tight all
the time, we propose to store the circ-regions separately, t

the new candidate’. FUR-tree’s bottom-up strategies are
applied with two modifications: (19’ is inserted into the
FUR-tree’s hash table, and (2)s not deleted from the tree

eliminate the need for updating cells and unnecessary NNif o is associated with other queries. In the case: null,
searches. Each query has up to six candidates around itthe modified bottom-up strategies are only applied.tén



Algorithm updateCirc (U) 5.2.2. The Partial-Insert Optimization

Input An updateU of objecto moving fromoe;q t0 onew -

Action: Update existing circ-regions if necessary. To further reduce the number of radius updates, we propose

another optimization calledartial-insert Instead of stor-
ing all the candidates and the radii of circ-regions in the
FUR-tree, we only store the candidates whose circ-regions’

1. If o is in NN-Hash, locate the candidatesnd; which con-
sidero.iq as their NN. For eacleand;,

1.1 Ifdist(onew, candi) < dnni, updatecand_dnn; and  radii are larger than a threshold, say, 80% of the distance
propagate the radius to the root of the FUR-tree if nec- {1 the query. Other candidatesnd and the correspond-
essary. ing nn_cand are stored in a hash table. As long as the dis-

1.2 Else perform NN search fennd; and radius in the

FUR-tree. tance betweetund andnn_cand is smaller than the thresh-

_ old, we do nothing. Once a circ-region is shrunk below the
2. Perform a query on the FUR-tree using.., to locate all threshold, its candidate is removed from the FUR-tree and
candidatecand;, wherecand.dnn > dist(onew, cands). inserted into the hash table. When a circ-region is enlarged
For each cand;, updatecand_.nn and cand_dnn accord- above the threshold. it is inserted into the FUR-tree
ingly. Propagate the new radius to the root of the FUR-tree v .| '. : . : . L
if necessary. _ There are se\(eral gains using the.partlal—msert optimiza-
tion. First, the size of the FUR-tree is reduced due to stor-
ing only the large circ-regions. Second, the containment
qguery of a new location will retrieves less number of af-
fected circ-regions and thus less number of circ-regiofis wi
be updated. Third, the insertion of a new candidate with a
step 2 we may also need to update the max radius stored irsmall circ-region is simple and efficient, which updates/onl
the index entries, if the radius of the circ-region is chahge the hash table.
In step 3, ifo is deleted, the pointer fromLnn to o should
be deleted. We updatenn in the NN-Hash. lfo_.nn does 6. Performance
not point to any candidate, we remove it from the NN-Hash.
Algorithm updateCandgrovides an efficient method to re- In thi . luate th ¢ f i
place the old circ-region with the new one. Due to the high n this section, we evaluate thé periormance ot our ap
locality nature of the candidates, in most cases, the algo_proach to the CRNN query. We first compare our method

rithm updateCandnly accesses leaf nodes and propagateWlth a stralghtfqrward extension of the R-tree based TPL
: . N method [12], which computes the results of all query points
the radius upwards in logarithmic time.

at every time stamp. In order to be fair in comparison, we
o perform TPL on the FUR-tree [6]. Since our method is in
5.2.1. The Lazy-Update Optimization nature better than the straightforward approach, we then fo
cus on comparing three variations of our methods, showing
the effectiveness of the two optimizations, namelyltmy-
updateand thepartial-insert

Figure 13. Algorithm updateCirc.

To update the existing circ-regions, we apply tlaay-
updateoptimization to avoid unnecessary NN searches for
candidates. Figure 13 presents the algorithm when an up
date affects the radii of circ-regions. Step 1 updates the
circ-regions that affected by the old location@fAs long ~ 6.1. Experimental Settings
as the circ-region does not cover the query, it is guaran-
tee that the corresponding candidate is still a false pesiti All algorithms were implemented in Java, running on a
Therefore, in this case, we only update the radius. An NN PC with 2.66-GHz Pentium 4 processor and 1GB Memory.
search is performed only when the enlarged circ-region cov-Our datasets were created with tetwork based Genera-
ersq. As in the previous example in Figure 11, the un- tor of Moving Object$2]. The input of the generator is the
necessary NN search fog will not be performed. Step 2 road map of Oldenburg (a city in Germany). The output is
performs a containment query on FUR-tree to retrieve thethe set of moving objects on the road network. We gener-
circ-regions which contain the new location @f In this ated the moving queries in the same way as the objects. The
case, circ-regions are shrunk. parameters of the datasets we used are listed in Table 1. The
Algorithm updateCircshows an efficient approach for values that are in bold and italic face are the default values
changing the existing circ-regions. Especially, the lazy- in our experiments. The object mobility is represented by
update optimization ensures that NN searches are perthe percentage of object location updates. The query point
formed only when needed, and the effectiveness of circ- mobility is defined similarly.
regions is still preserved. This is because the radius of a In accordance with the real world monitoring systems,
circ-region isprogressivelyreduced by the updates issued which usually assumes main-memory processing to handle
inside the circ-region. the intensive updates [9, 16], all our experiments were per-



Par ameter Values 6.3. Effect of the Optimizations

# of objects (K) 10, 20, 40, 6080, 100
# of query points (K) 1,2,46,8,10 Three variations of of our approach are compared. The
Object mobility (%) 1, 5,10, 15, 20 names and their descriptions are listed below.

Query point mobility (%)| 1,5, 10, 15, 20

1. Uniform: stores the pie-regions and the circ-regions
Table 1. Dataset Parameters. uniformly, by associating with query points the cells
which intersect with either pie-regions and circ-

_ ) ) regions. When a circ-region changes, it performs an
formed in memory and the CPU time (in seconds) are re- NN search to keep the region smallest

ported. The queries were evaluated at every time stamp. 5 | _only: stores the circ-regions separately while only
We simulated 30 time stamp and report the average of the applies thdazy-updateptimization

CPU time of updating (exc!udmg the initialization). In our . LU+PI: is our complete approach, applying bélzy-
method, the fan-out of the in-memory FUR-tree containing updateandpartial-insertoptimizations.

the circ-regions are 20 entries. The threshold inphsdial-

insertoptimization is 80%. We use a grid indexi#8 x 128

cells. In the straightforward solution, we utilize the FUR- S P ® Uniform & LU-only ¥ LU+P|

w

. . 18
tree with the fan-out of 50 entries for the TPL method. 3" 215
i T 12
£ £
6.2. Comparison with TPL 2 j 2 6
e 3
07 T T T T 1 0+ T T T T d
We compare our approach (using both lazy-update and 0 afﬁg;ect:?m oo ! Nzumbejofqu:”es ( K8) i
partial-insert optimizations) with the straightforwarmls ) o ) o
(a) Object cardinality (b) Query point cardinality

tion using the TPL method. The TPL method is current best
approach for computing RNNs in the static case, and the
FUR-tree is the optimized for frequent updates of objects.
To answer the CRNN query in the straightforward solution,

we index the objects using an FUR-tree and compute the  Figyre 15(a) shows the performance of three methods
RNNs of every query point at each time stamp using TPL. \yhen varying the number of objects and query points and
The comparison are shown in Figure 1#PL-FUR rep-  fixing the percentage of updates at each time stamp. The
resents the straightforward solution, dmitrement repre-  pdate cost increases as the number of objects increases.
sents our method. Figure 14(a) and Figure 14(b) shows theyhen the number of objects are small, the difference be-
update time when varying the number of objects and the yyeen LU-only and LU+PI is negligible. SinceLU+PI

guery points, respectively. As expected, our method OUt'improves the already efficient methatl-only, only large

performs the straightforward approach more than an ordergmount of updates on circ-regions will show the perfor-
of magnitude. Our method is well scalable with increase of nance difference. As shown in the figute)+P1 visibly

Figure 15. Varying the data size.

the number of objects and query point. outperforms_U-only when the number of objects is larger
than 40K.
g . v Figure 15(b) shows the performance when the number of
240 e guery points changes. With the increase of query points, the
£ £ 4w number of pie-regions and circ-regions increases as well.
& 0 5 i NN We see more improvement bfJ+P| overLU-onlyin Fig-
10 20 40 60 80 100 12 4 6 8 10 ure 15(b) than in Figure 15 (a).

Number of objects (K) Number of queries (K)

. o ] o In both figures,LU-only and LU+PI outperformsUni-
(a) Object cardinality (b) Query point cardinality  form, as Uniform handles circ-regions expensively. With
the increase of the objects or query points, the update cost
of Uniformincreases faster.

In the next set of experiments, we study the effect of data
mobility. Figure 16(a) compares three methods by varying
the mobility of objects. With the increase of object up-

In the next section, we focus on our own approach, dates, the number of affected pie-regions and circ-regions
studying the effect of handling the circ-regions sepayatel increases. Recall that an pie-region update will trigger up
using two optimizations, namely, the lazy-update and the dating the candidate and updating the corresponding circ-
partial-insert. regions. When the number of object update is large (e.g.

Figure 14. Comparison with the straightfor-
ward solution.
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Figure 16. Varying the percentage of moving
data per time stamp.

20%), the cost of updating circ-regions dominate the total
costand_U+PI outperformd.U-onlyas large as 30%. Con-
sequentlyUniform shows a large increase of CPU time at

the 20 mark on the x-axis.

Figure 16(b) gives the performance of three methods

of the circ-regions. Experimental results proved that our
approach is over an order of magnitude more efficient than
straightforward methods.
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