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Abstract Several types of nearest neighbor (NN) search have been proposed and studied in the context
of gpatial databases. The most common type is the point NN query, which retrieves the nearest
neighbors of an input point. Such a query, however, is usually meaningless in highly dynamic
environments where the query point or the database objects move/change over time. In this paper we
study alternative forms of nearest neighbor queries suitable for spatio-temporal applications. In
particular, we first describe time-parameterized queries, where in addition to the current nearest
neighbors of aquery point, the result contains the expected validity period of the result (given the query
and object movement), as well as the change that will occur at the end of the validity period. Then, we
discuss continuous NN search where the goal is to retrieve all nearest neighbors of a query trajectory,
together with the validity interval of each nearest neighbor.

Néec Mopoéc Epotoemv ITAnciéatepov I'eitova o Xmpo-ypovikég

E@apuoyég

Hepiiqyn Apketoi toror avalntnong tancitotepov yerrovav (I £xovv mpotabdel kot peietndei 610
Ao TOV Yopwdv Paosov dedopétvov. O kowdtepog TOTOC eival M epdTnon mAnoiéotepwy
YEITOVIKAY onusiov, 1 omola avaktd touvg I evog onueiov avagopds oe Eva 6TATIKO YMDPO GTUEIDV.
TTopdha avtd 1) GUYKEKPLUEVT] EPDOTNCT] GLVIOMG OV £YEL VOT|UA G€ duvaukd TepiPaiiovia, OToL Ot
B£om TOL ONUEIOL AVOPOPAS KAOMG KoL AVTES TMV oNeiny ot fdomn dedopévav alidlovy pe o ypdvo.
270 JoKiI0 OVTO UEAETOVTAL EVOAAUKTIKEG HOPQES epmtnoemy 1117, KaTtdAANAeg Y10, Y mPO-YPOVIKEG
EQOPUOYES OTOV 01 BECELS TV dedoEVOY OAAGLOVV LLE TO ¥POVO. ZUYKEKPULEVA, OPYIKE TEPLYPAPOVLLE
APOVO-TIOPOUETPIKES EPWTHOEIS, OTIOV, YVvOPIlovTtag T KIVAGELS TV onueinv, extdg and tovg 17 tov
ONUELOL AVAPOPAS, TO ATOTEAEC U TEPIEYEL TNV EKTULOVUEVT] SIAPKELR TNG EYKVPOTNTAS TOVG KOOMG Kot
TG oAhayés mov Ba yivouv petd amd tn Anén g eykvpotmtag tov [N, X cuvéyeln peletdpe 1o
TPOPAN U ovveyods avaliitnons I, 6mov o otdyog eivar 1) avaktnon tov 117 evdg onpeiov avagopdg
OV KWElTAl 610 Y®po of kG BEoN TG TPOYIGG TOV, KAOMG Kol T0 SIUGTHNATH EYKVPOHTNTOS TOV
avoxtopevev T



Novel Forms of Nearest Neighbor Queriesin Spatio-Temporal
Applications

Dimitris Papadias’, Y ufei Tao", Jun Zhang®, Qiongmao Shen” and Nikos Mamoulis*

*Department of Computer Science * Dept of Computer Science and Information Systems
Hong Kong University of Science and Technology University of Hong Kong
Clear Water Bay, Hong Kong Pokfulam Road, Hong Kong
{ dimitris, taoyf, zhangjun, gmshen} @cs.ust.hk nikos@csis.hku.hk
Abstract

Several types of nearest neighbor (NN) search have been proposed and studied in the context of spatial
databases. The most common type is the point NN query, which retrieves the nearest neighbors of an
input point. Such a query, however, is usually meaningless in highly dynamic environments where the
guery point or the database objects move/change over time. In this paper we study alternative forms of
nearest neighbor queries suitable for spatio-temporal applications. In particular, we first describe
time-parameterized queries, where in addition to the current nearest neighbors of a query point, the
result contains the expected validity period of the result (given the query and object movement), as well
as the change that will occur at the end of the validity period. Then, we discuss continuous NN search
where the goal is to retrieve all nearest neighbors of a query trgectory, together with the validity
interval of each nearest neighbor.

1. INTRODUCTION

Traditional NN queries, such as"which are my nearest gas station now?", are of limited practical usein
spatio-temporal applications since, if query point (or the database objects) move, the output may be
invalidated immediately (i.e.,, the NN changes continuously over time). Any result should be
accompanied by an expiry period in order to be effective in practice. Motivated by this, we propose
time-parameterized (TP) NN queries which return: (i) the objects that satisfy the corresponding spatial
query, (ii) the expiry time of the result, and (iii) the change that causes the expiration of the result.
Continuing the "gas station" example, the result could be <A, 1, B> meaning that the current NN is A,
but at 1 minute (given the direction and the speed of the user’s movement) B will become the nearest
neighbor.

In addition to their importance as standalone methods, TP queries can be used for continuous NN
processing. An example of such aquery is"find my nearest gas station during my trip to from point sto
point €'. A TP query at the starting point swill return the first NN, its validity period and the next NN.
Then, a second TP query is executed to return the validity period of the second gas station and so on
until the ending point e is reached. This approach, however, is expected to incur significant overhead
due to the potentialy high number of queries, especialy if the trgjectory islong and alarge number of



neighbors need to be retrieved. For this case of continuous nearest neighbor search we propose an

aternative method that applies a single query for the entire trgjectory.

The rest of the paper is organized as follows: Section 2 surveys related work in the context of spatial
databases concentrating on point NN queries, which constitute the focus of this paper. Section 3
discusses TP NN queries and processing methods. Section 4 describes properties of the continuous
nearest neighbor problem and proposes search heuristics that take advantage of these properties to
facilitate efficiency. Section 5 presents an extensive experimental evaluation, while Section 6 concludes

with directions for future work.

2. RELATED WORK

Following most of the related literature we assume that the (point) datasets are indexed by R-trees.
Existing algorithms' for processing point NN queries in spatial databases are based on the branch and
bound (BaB) paradigm using some bounds to prune the search space. The most common pruning bound
is mindist, which is the minimum distance between the query object g and any object that can bein the
subtree of entry E. Figure 2.1a illustrates mindist for the MBRs of E; and E; with respect to a point

query g.
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Figure 2.1: Mindist examples
Thefirst R-tree BaB algorithm, proposed in [RKV 95], answersaNN query by traversing the R-treeina
depth-first (DF) manner. Specifically, starting from the root, all entries are sorted according to their
mindist from the query point, and the entry with the lowest valueisvisited first. The processis repeated
recursively until the leaf level where the first potential nearest neighbor is found. During backtracking
to the upper levels, the algorithm only visits entries whose mindist is smaller than the distance of the
nearest neighbor aready found. As an example consider the R-tree of Figure 2.2, where the number in
each entry refers to the mindist (for intermediate entries) or the actual distance (for point objects) from
the query point (these numbers are not stored but computed dynamically during query processing). DF
would firgt visit the node of root entry E; (since it has the minimum mindist), and then the node of E,,

where the first candidate object (a) is retrieved. When backtracking to the previous level, entry Eg is

! For high dimensional spaces, there exist alternative techniques [KSF+96, SK98, BEK+98] to deal with the

"dimensionality curse".



excluded since its mindist is greater than the distance of a, but Es has to be visited before backtracking
again at theroot level.
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Figure 2.2: Example query

The performance of DF was shown to be suboptimal in [PM97], which reveals that an optimal NN
search algorithm only needs to visit those nodes whose MBRs intersect the so-called “ search region”,
i.e., acircle centered at the query point with radius equal to the distance between the query and its
nearest neighbor (shaded circle in Figure 2.2). Based on this, [WSB98, BBK+01] investigate cost
models for performing NN queriesin high-dimensional space.

A best-first (BF) algorithm for KNN query processing using R-treesis proposed in [HS99]. BF keeps a
heap with the entries of the nodes visited so far. Initially the heap contains the entries of the root sorted
according to their mindist. The contents of the heap during the processing of the query of Figure 2.2 are
shown in Figure 2.3. When E; isvisited, it is removed from the heap and the entries of its node (E,, Es,
Es) are added together with their mindist. The next entry visited is E; (it has the minimum mindist in the
heap), followed by Eg, where the actua result (h) isfound and the algorithm terminates. BF isoptimal in
the sense that it only visits the nodes necessary for obtaining the nearest neighbor. Its performance in
practice, however, may suffer from buffer thrashing if the available memory is not enough for the
required heap. In this case part of the heap must be migrated to the disk, which may incur frequent disk

aCcCesses.
Action Heap Result
VistRoot E/i5pleal [ | | | {emo)
follow& &, E/sfs/sB/sfera] | | {emoty}

follow 5 /s /5 Fa/8 e/ [71/13Fe/17 {empty}
followBs B /5 /5 B/ oo Fr/agfori] | {(hv/2)}
Report h and terminate

Figure 2.3: Example of BaB algorithms

The BaB framework also applies to closest pair queries that find the pair of objects from two datasets,
such that their distance is the minimum among all pairs. Hjatason and Samet [HS98] and Corrad et d,
[CMTVO00] propose various agorithms based on the concepts of DF and BF traversal. The difference
from point-NN isthat the algorithms access two index structures (one for each data set) simultaneoudly.
Mindist is now defined as the minimum distance between two objectsthat can lie in the subtrees of two
intermediate entries (see Figure 2.1b). If the mindist of two intermediate entries E; and E, (one from
each R-tree) is already greater than the distance of the closest pair of objects found so far, the sub-trees
of E; and E, cannot contain a closest pair.



3. TIME PARAMETERIZED NN QUERIES

The output of a spatio-temporal® TP query has the general form <R,T,C>, where R isthe set of objects
satisfying the corresponding instantaneous query (i.e., current result), T isthe expiry time of R, and C
the set of objects that will affect R a T. From the set of objects in the current result R, and the set of
objects C that will cause changes, we can incrementally compute the next result. We refer to R asthe
conventional, and (T,C) asthe time-parameterized component of the query. Figure 3.1 showsaTP NN,
where objects (points a to g) are static and query point g is moving east with speed 1. Point d is the
current nearest neighbor of g.
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Figure3.1: TP NN query

Theresult of aspatia query changes in the future because some objects “influence” its correctness. In

the example of Figure 3.1, the influence time of an object is the time that it starts to get closer to the
guery than the current nearest neighbor d. For instance, the influence time of point g is 3, because at this
time g will come closer to g than d. The influence time of pointsa, b, ¢ isc because they can never be
closer to g than its current nearest neighbor d (observe that the influence time of d isalso set to o ).
Notice that a non-infinite (i.e., different from o) influence time does not necessarily mean that the
object will change the result; g will influence the query at time 3, only if the result does not change
before due to another object (actually at time 3 the nearest neighbor is object f).

We denote the influence time of a point p with respect to aquery g as Tine(p,q). The expiry time of the
current result is the minimum influence time of al objects. Therefore, the time-parameterized
component of a TP query can be reduced to a nearest neighbor problem by treating T\ne(p,q) as the
distance metric: the goa isto find the objects (C) with the minimum T e (T). These are the candidates
that may generate the change of the result at the expiry time (by adding to or deleting from the previous
answer set). T\ for intermediate entries E isdefined in away similar to mindistin NN search: Tine(E,Q)
is the minimum influence time T n(p,q) of any point p that may lie in the subtree of E. The above
discussion serves as a high-level abstraction that establishes the close connection between the TP
retrieval and NN search. In the sequel we show how to derive suitable T ye(p,q) and T ne(E, Q).

2 The concept of TP queries applies to most types of spatia queriesinvolving selections and joins. Furthermore,
although in this paper we assume that the dataset is static (only the query is dynamic), the method can also be
applied for moving points using appropriate indexes (see [TPO2]).



3.1 Derivation of Influence Time

We first consider single nearest neighbor queries before extending the solution to an arbitrary number
of neighbors. To facilitate understanding, we present our solution for static point data in 2D space,
although the discussion extends to rectangles (where the rationale is the same but the equations more
complex). We denote with (q,...,g,) the coordinates, and with (q.V4,...q.V,) the velocities of query
point g on dimensionsi=1,...,n.

Let Py be the current nearest neighbor of g. Theinfluencetime T ye(p,q) of apoint p isthe earliest time
t in the future such that p starts to get closer to g(t) than Py, where (t) isthe position of g at timet. In
general, Tine(p,q) isthe minimum t that satisfies the following conditions®; p,q(t) <[P, q(t)] and t=0. If

the above inequality can be transformed into the standard form At+B<0, where:

A= .Z:Z[( P -G )(_q-Vi ) _(PNNi -4 )( .V )J vand = .Zl:[( b —q )2 ~(Poi — )1

The solution is straightforward and omitted. If no t satisfies the inequality, Tine(p,q) iS Set to «. In case
of intermediate entries, Tine(E,q) indicates the earliest time when some object in the subtree of E may
start to be closer to q (than Pyy). Thisisillustrated through the example of Figure 3.2a. At time 2, the
mindist of E to q becomes shorter than |Pyn,dl, which implies that some object in E may start to get
closer to q (i.e., Tine(E,0)=2). More formally, Tine(E,Q) is the minimum t that satisfies the condition:
mindist(E,q(t)) < |Pwn, g(t)| and t20. Thisinequality requires rather complicated case-by-case discussion
because the computation of mindist(E,q(t)) depends on the relative positions of E and g. Figure 3.2b
illustrates an example where the query point is moving along line |. Before g reaches point e,
mindist(E,q) should be calculated with respect to point a. When q is on the line segment ef, mindist is
the distance from g to edge ab of E. Similarly, after q passes points f, g, and h, mindist should be
computed with respect to point b, edge bc, and point ¢ respectively. The situation can be even more
complex when, in addition to the query, MBR E is aso dynamic, especially in higher dimensional

spaces.
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Figure 3.2: T\ for intermediate entries

% Ja,b| denotes the distance between points a and b. Although we use Euclidean distance throughout the paper,
other metrics can be applied.



Instead, we follow asimpler (but till efficient as shown in the experiments) conservative approach that
underestimates mindist (to ensure the correctness of BaB algorithms). In particular, we approximate
mindist with the perpendicular distance from g to a selected edge (or aplanein high-dimensional space)
of MBR E. The edge of E is chosen asfollows: (i) If the mindist at the current time between E and qis
with respect to a corner point of E (e.g., point b in Figure 3.3a), then the selected edge (among the two
edges connected to the corner point) isthe more distant from q (e.g., edge ab isfarther to g than bc); (ii)
If the mindist is computed with respect to an edge (e.g., edge bc in Figure 3.3b), then we select this edge.
In this case, the distance from the query point to the edge is exactly the mindist at the current time. The
pseudo-code for the agorithm that applies to arbitrary dimensionality is shown in Figure 3.4; the

algorithm returns a (hyper) plane of dimensionality n-1.
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Figure 3.3: Approximate mindist

Sel_Plane Approx_mindist (E, q)
if giscontained in E at the current time
return NIL /*no edge selected since T yr(E,q)=0*/
sel_dime=nil /*dimension selected plane is perpendicular to*/
coord=nil /*the coordinate and velocity of the selected plane on dimension sel_dim*/
plane_dist=—c /*the distance from q to the selected plane at the current time*/
for each dimension i
if g<E /*[E,Eir] isthe extent of E on dimension i*/
if (E.—qgi>plane_dist) /*qis further to the plane on this dimension than previous dimensions*/
sl _dim=i;
10. plane_dist=E; —q;; coord=E;;
11. dsaf qi>Ei R
12. if (g—Er>plane_dist) /*q isfurther to the plane on this dimension than previous dimensions*/
13. sl _dim=i;
14. plane_dist=g,—E;r; coord=E;r
15. return the selected plane (at position coord on dimension sel_dim, moving at velocity)
end Sel_Plane_Approx_mindist
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Figure 3.4: Selecting a plane to approximate mindist
Without loss of generality, assume that the plane | returned by the pseudo-code of Figure 3.4, is
perpendicular to the ith dimension at point |;, and moves along the dimension at speed |.V;. Tine(E,Q) IS
the minimum t that satisfies the condition mindist(I(t),q(t)) < |Pan(t),q(t)] and t=0. Using the usual
notation for g, the above inequality is equivalent to:

(g -1)+t V] < \/Zn:[(q. _PNNi)+t .V, :|2

i=1

which can be transformed to the standard (and easily solvable) form At?+Bt+C<0, where



and
B=-20V, (i -q) +iz GV, (P =G

For TP kNN queries the influence time of a point p is defined as the earliest time that p starts to get
closer to g than any of the k current neighbors. Specifically, assuming that the k current neighbors are
Pants Panzs - - -5 Pk We first compute the influence time Tyng of p with respect to each Py (j=1.2,..., K)
following the previous approach. Then, Tne(p,g) is set to the minimum of Tk, Tinezs ---0 Tinnk-
Similarly, for Tine(E,q) wefirst compute the T ng of E with respect to each Py and then set Tine(E,q)) to

the minimum of Tinet, Tine2s - vs TiNEKe

3.2 Query Processing for TP NN queries

As discussed in Section 2, BaB algorithms can be classified in two broad categories. depth- and
breadth-first search. Both types can be applied for processing TP NN queries. Figure 3.5a shows the
pseudo-code of DF and Figure 3.5b of BF. We assume that initially a regular algorithm is executed to
return the current NN (R), after which the influence times can be determined; TP-NN just computesthe
time-parameterized component (T and C). Both agorithms distinguish between (i) T\ne(p,q)<T and (ii)
Tine(P,0)=T. In the second case multiple objects influence the result at the same time and the closest
one becomes the next neighbor. The extension to TP KNN queries s straightforward.

Run traditional NN algorithm to obtain R
Run traditional NN algorithm to obtain R
TP_NN-BF ()
. initialize aheap H that accepts <key,entry>
. retrieve theroot node R

TP_NN-DF (current node N)
[*initialy: T=w0, C=@, D= */

1
2
1. ifNisaleaf 3. for each entry E in Rinsert <T\(E,q),E>to H
2. for each point p 4. while (H is not empty)
3. if Tine(P,)<T 5. de-heap<key,E>/*E hasthe minimum key in H*/
4. C=p 6. if E pointsto aleaf node
5. T=Tine(p,0) 7 for each point p in E.childnode
6. elseif Tine(p,a)=T 8 if Tine(poa)<T
7. it Ip,a(T)I< [C,a(T)I 9. C=p
8. C=p 10. T=Tine(p,0)
9. ese/*Nisanintermediate node*/ 14.  eseif Tine(p,q)=T
10. sort al the entries E by their T ye(E,Q) 15. if |p,q(T)|<|C,q(T)]
11. for each entry E 11. C=p
12. if (Tine(E,Q)<T) 12. else/*E pointsto a non-leaf node*/
13. TP_NN (e.childnode) 13.  if Tne(EQ) <T
13. end TP_NN-DF 14. for each entry E' in E.childnode
15. insert <T\ne(E',q),E'>to H
16. end TP_NN-BF
(a) DF (b) BF

Figure 3.5: BaB algorithms for time-parameterized NN queries
Finally, the framework facilitates performance analysis by utilizing previous findings on nearest
neighbor search. Recall from Section 2, that an optimal NN algorithm only needs to visit those nodes,

whose MBRs intersect the "search region" around the query point. Such search regions also apply for



processing the time-parameterized component (retrieval of T and C) of TP queries. Assuming that Oy
isthe object with the minimum influence time, all entries E to be visited by an optimal algorithm should
satisfy the condition: T \nr(E,q)<Tne(Onn,0)- Based on this, Figure 3.6 demonstrates the corresponding
search region (shaded area) of TP NN queries. The white area does not belong to the search region.
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Figure 3.6: Search region for TP NN queries

4. CONTINUOUS NN QUERIES

Let P be a dataset of points in multi-dimensiona space and q = [s, €] aline segment. A continuous
nearest neighbor (CNN) query retrieves the nearest neighbor (NN) of every pointin g. In particular, the
result contains a set of <R,T> tuples, where R is a point (or set of points) of P, and T is the interval
during which R isthe NN of g. Asan example consider Figure 4.1, where P={a,b,c,d,f,g,h} . The output
of the query is {<a, [s,51]>, <C, [s1,5]>, <f, [$»,%]>, <h, [S3,€]>}, meaning that point a is the NN for
interval [s,s]; then at s;, point ¢ becomes the NN etc. The points of the query segment (i.e., S, S, S3)
where there is a change of neighborhood are called split points. Variations of the problem include the
retrieval of k neighbors (e.g., find the three NN for every point in q), datasets of extended objects (e.g.,
the elements of P are rectangles instead of points), and situations where the query input is an arbitrary

trgjectory (instead of aline segment).

be ®d

Figure 4.1: Example query
The only existing algorithm for processing CNN queries, proposed in [SR01], employs sampling. In
particular, several point-NN queries (using an R-tree on the point set P) are repeatedly performed at
predefined sample points of the query line, using the results at previous sample points to obtain tight



search bounds. This approach suffers from the usual drawbacks of sampling, i.e., if the sampling rateis
low the results will be incorrect; otherwise, there is a significant computational overhead. In any case
there is no accuracy guarantee, since even a high sampling rate may miss some split points (i.e., if the
sample does not include points s;, S, S in Figure 4.1).

On the other hand, the TP framework provides a more natural method to process CNN queries: execute
atime parameterized NN query at point s, to get the first NN (R={a}), the validity period of the result
(T corresponds to point s;) and the next nearest neighbor (C={c}). Then, retrieve the TP component
(i.e, CandT) at the pointswherethereisachangein theresult (i.e, s, S, &); i.€., the processing of the
guery involves one (regular) NN search, and four (including the point of origin) computations of the TP
component. This technique avoids the drawbacks of sampling, but it is very output-sensitive in the
sense that the number of TP queries to be performed grows linearly with the number of split points.
Although, these queries may access similar pages, and therefore, benefit from the existence of a buffer,
the cost is still prohibitive for large queries and datasets due to the CPU overhead. In this section we
propose an aternative technique that solvesthe problem by applying asingle query for the whole result.
Towardsthisdirection, we first describe some properties of the problem that permit the development of
efficient algorithms.

4.1 Definitions and Problem Characteristics

The objective of a CNN query isto retrieve the set of nearest neighbors of a segment g=[s, €] together
with theresulting list SL of split points. The starting (s) and ending (e) points constitute the first and last
elementsin SL. For each split point sOSL (0<i<|SL|-1): sOg and al pointsin [s, S.1] have the same
NN, denoted as s.NN. For example, s;.NN in Figure 1.1 ispoint ¢, which isalso the NN for dl pointsin
interval [s;, $]. We say that 5.NN (e.g., €) coverspoint s (s;) and interval [s, S+1] ([S, S])-

In order to avoid multiple database scans, we aim at reporting al split (and the corresponding covering)
points with asingle traversal. Specifically, we start with an initial SL that contains only two split points
s and e with their covering points set to /7 (meaning that currently the NN of all points in [s,€] are
unknown), and incrementally update the SL during query processing. At each step, SL contains the
current result with respect to all the data points processed so far. The final result contains each split
point s that remainsin SL after the termination together with its nearest neighbor 5.NN.

Processing a data point p involves updating SL, if p is closer to some point ull[s,€] than its current
nearest neighbor u.NN (i.e., if p covers u). An exhaustive scan of [s,€] (for points u covered by p) is
intractable because the number of pointsisinfinite. We observe that it suffices to examine whether p

covers any split point currently in SL, as described in the following Lemma.

Lemma4.1: Givenasplitlist SL {sy, Sy, ..., Ss.-1} @nd anew data point p, p covers some point on query
segment g if and only if p covers a split point.



As an illugtration of lemma 4.1, consider Figure 4.2a where the set of data points P={a, b, ¢, d} is
processed in aphabetic order. Initially, SL={'s, €} and the NN of both split points are unknown. Since a
isthefirst point encountered, it becomesthe current NN of every point in g, and information about SL is
updated asfollows: sNN=eNN=a and dist(s, sSNN)= s, a|, dist(e, e NN)= |e, a|. Thecircle centered at
s(e) withradius|s, a| (|e, @) is caled the vicinity circle of s (e).

perpendicular bisector

SL={s (NN=a), e (NN=q)} SL={s (NN=a), s, (NN=c), e (NN=c)}
(a) After processing a (b) After processing ¢

Figure 4.2: Updating the split list
When processing the second point b, we only need to check whether b is closer to s and e than their
current NN, or equivalently, whether b falls in their vicinity circles. The fact that b is outside both
circles indicates that every point in [s, €] is closer to a (due to lemma 4.1); hence we ignore b and
continue to the next point c.
Sincecfallsinthevicinity circle of e, anew split point s; isinserted to SL; s, isthe intersection between
the query segment and the perpendicular bisector of segment [a, ¢] (denoted as [(a, ¢)), meaning that
pointsto the left of s; are closer to a, while pointsto theright of s; are closer to ¢ (see Figure 4.2b). The
NN of s is set to ¢, indicating that c isthe NN of pointsin [s,, €]. Finally point d does not update SL
because it does not cover any split point (notice that d falls in the circle of e in Figure 4.2a, but not in
Figure 4.2b). Since all points have been processed, the split pointsthat remain in SL determine the final
result (i.e., {<a, [ss1]>, <C, [s1,€]> }).
In order to check if a new data point covers some split point(s), we can compute the distance from p to
every s, and compare it with dist(s, s.NN). To reduce the number |SL| (i.e., the cardinality of SL) of
distance computations, we observe the following continuity property.
Lemma 4.2 (covering continuity): The split points covered by a point p are continuous. Namely, if p
covers split point s but not 54 (or s.1), then p cannot cover s (or s4;) for any value of j>1.
Consider, for instance, Figure 4.3, where SL contains s, S, S+1, S+2, S+3, Whose NN are points a, b, c,
d, f respectively. The new datapoint p coverssplit points s, s.1, S+2 (p falsin their vicinity circles), but
not s.1, S+3. Lemma 4.2 states that p cannot cover any split point to the left (right) of s.1 (S+3). In fact,
notice that al pointsto the left (right) of 5.1 (S+3) are closer to b (f) than p (i.e., p cannot be their NN).



Figure 4.3: Continuity property

Figure 4.4 shows the situation after p is processed. The number of split points decreases by 1, whereas
the positions of s and s.; are different from those in Figure 4.3. The covering continuity property
permits the application of a binary search heuristic, which reduces (to O(log|.|)) the number of

computations required when searching for split points covered by a data point.

SL={s_, (NN=a), s, (NN=b), 5. (NN=p), s,,, (NN=£)}
Figure 4.4: After pis processed (cont. from Figure 4.3)
The above discussion can be extended to kCNN queries (e.g., find the 3 NN for any point on Q).
Consider Figure 4.5, where datapoints a, b, ¢ and d have been processed and SL containss and s.;. The
current 3NN of 5 area, b, c (cisthefarthest NN of s). At the next split point s..1, the 3NN changeto a,
b, d (d replaces c).

SL:{SI(.NNI_fa,b,c), s, ](.NNI_3:a,b,d)}
Figure 4.5: Example of kCNN (k=3)
Lemma 4.1 aso applies to kCNN queries. Specifically, a new data point can cover a point on q (i.e.,
become one of the k NN of the point), if and only if it covers some split point(s). Lemma 4.2, on the
other hand, does not apply for k>2 (for details see [TPS02]), which means that binary search cannot be
employed in this case. The above genera methodology can be used for arbitrary dimensionality, where



perpendicular bisectors and vicinity circles become perpendicular bisect-planes and vicinity spheres. Its
application for processing non-indexed datasets is straightforward, i.e., the input dataset is scanned
sequentially and each point is processed, continuously updating the split list. Next weillustrate how the
proposed techniques can be used in conjunction with R-trees to accelerate search.

4.2 Query Processing for CNN queries

CNN algorithms are al so based on the branch-and-bound paradigm. Specifically, starting from the root,
the R-tree is traversed using the following principles: (i) when a leaf entry (i.e., a data point) p is
encountered, SL is updated if p covers any split point (i.e., p is a qualifying entry); (ii) for an
intermediate entry, we visititssubtree only if it may contain any qualifying data point. The advantage of
the algorithm over exhaustive scan is that we avoid accessing nodes, if they cannot contain qualifying

data points. In the sequel, we discuss several heuristics for pruning unnecessary node accesses.

Heurigtic 1. Given an intermediate entry E and query segment g, the subtree of E may contain
qualifying points only if mindist(E,q) < SLuaxp, Where mindist(E,q) denotes the minimum distance
between the MBR of E and g, and SLyaxp = max {dist(S, S.NN), dist(s; ,s1.NN), ..., dist(Ss|-1,

Ss.-1-NN) } (i.e., SLmaxp is the maximum distance between a split point and its NN).

Figure 4.6a shows a query segment g=[s, €] and the current SL that contains 3 split points s, s, €,
together with their vicinity circles. Rectangle E represents the MBR of an intermediate node. Since
mindist(E, ) > SLuaxp = |&,b], E does not intersect the vicinity circle of any split point; thus, according
to lemma4.1 there can be no point in E that covers some point on g. Consequently, the subtree of E does
not have to be searched.

E mindist(E,s
SL

MAXD

SL={s (NN=a), s, (NN=b), ¢ (NN=b)}
(a) Pruning with mindist(E, q) (b) Pruning with mindist(s, E)
Figure 4.6: Pruning heuristics

Heuristic 1 reduces the search space considerably, while incurring relatively small computationa
overhead. However, tighter conditions can achieve further pruning. To verify this, consider Figure 4.6b,
which is similar to Figure 4.6a except that SLyaxp (=|e,b]) is larger. Natice that the MBR of entry E
satisfies heuristic 1 because mindist(E,q) (=mindist(E,s)) < SLuaxp. However, E cannot contain
qualifying data points because it does not intersect any vicinity circle. Heuristic 2 prunes such entries,
which would be visited if only heuristic 1 were applied.



Heuristic 2: Given an intermediate entry E and query segment g, the subtree of E must be searched if
and only if there exists a split point SCISL such that dist(s,s.NN) > mindisi(s, E).

According to heuristic 2, entry E in Figure 4.6b does not have to be visited since dist(s,a) < mindist(s,E),
dist(sy,b) < mindist(s,E) and dist(e,b) < mindist(e,E). Although heuristic 2 presents the most tight
conditions that a MBR must satisfy to contain a qualifying data point, it incurs more CPU overhead
(than heuristic 1), as it requires computing the distance from E to each split point. Therefore, it is
applied only for entries that satisfy the first heuristic.

The order of entry accessesis also very important to avoid unnecessary visits. To minimize the number
of node accesses, we propose the following visiting order heuristic, which is based on the intuition that
entries closer to the query line are more likely to contain qualifying data points.

Heurigtic 3: Entries (satisfying heuristics 1 and 2) are accessed in increasing order of their minimum
distances to the query segment q.

When aleaf entry (i.e., adata point) p is encountered, the a gorithm performs the following operations:
(i) it retrieves the set of split points Scover={ S, Si+1, .., S} covered by p, and (if Scover is NOt empty) (ii)
it updates SL accordingly. As mentioned in Section 4.1, the set of pointsin Scover are continuous (for
singleNN). Thus, we can employ binary search to avoid comparing p with al current NN for every split
point. Figure 4.7, illustrates the application of this heuristic assuming that SL contains 11 split points
So-S10, and the NN of s, .., ssare points a, b, ¢, d, f and g respectively.

bisector of segment bp  bisector of segment gp

e S
REANY

Figure4.7: Binary search for covered split points

First, we check if the new data point p coversthe middle split point ss. Since the vicinity cycle of s; does
not contain p, we can conclude that p does not cover ss. Then, we compute the intersection (A in Figure
4.7) of q with the perpendicular bisector of p and ss.NN(=g). Since Aliesto theleft of ss, al split points
potentially covered by p are also to the left of s5. Hence, now we check if p covers s, (i.e., the middle
point between 5, and s5). Since the answer is negative, the intersection (B) of g and O(p, s.NN) is
computed. Because B lies to the right of s,, the search proceeds with point s; (middle point between s,
and s5), which is covered by p.

In order to complete Scover (={ Ss, Su}), We need to find the split points covered immediately before or
after s3, which is achieved by a simple bi-directional scanning process. The whole process involves at

most log(|SL[)+[Scover|t2 comparisons, out of which log(JSL|) are needed for locating the first split



point (binary search), and |Scover[+2 for the remaining ones (the additional two comparisons are for
identifying the first split points on the left/right of Scover NOt covered by p).

Finally the points in Sover are updated as follows. Since p covers both s; and s, it becomes the NN of
every point in interval [s;, s4]. Furthermore, another split point s;' (S4) isinserted in SL for interval [s,,
s3] ([S4, S]) such that the new point has the same distance to s,.NN=c (s;,.NN=f) and p. As shown in
Figure 4.8, s3' (s4) is computed as the intersection between q and C(c, p) (C(f, p)). Finally, the original
split points s; and s, are removed.

Figure 4.8: After updating the split list

The proposed heuristics can be applied with both the depth-first and best-first traversal paradigms
discussed in Section 2. For simplicity, we elaborate the complete CNN algorithm using depth-first
traversal on the R-tree of Figure 2.2. To answer the CNN query [s,€] of Figure 4.9a, the split list SL is
initiated with entries{s, €} and SLyaxp=. The root of the R-tree isretrieved and its entries are sorted
by their distances to segment g. Since the mindist of both E; and E; are 0, one of them is chosen (e.g.,
E,), itschild node (N,) isvisited, and the entriesinside it are sorted (order E,4, E3). Node N, (child of Ey)
isaccessed and pointsf, d, g are processed according to their distancesto g. Point f becomesthefirst NN
of sand e, and SLyaxp isset to [s, f| (Figure 4.9a).

b SL={s(NN=f), e NN=f}

(a) After processing f

- SL={s(NN=f), s;(.NN=g), e.NN=g)}

SL={s(.NN=b), si(.NN=),
Sz(-NN:g():f E(-NN:g)}él

L | B! {
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[ SL={s(NN=K, s;(.NN=f), e.NN=g)}
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(b) After processing g

(c) After processing b

(d) After processing k

Figure 4.9: Processing steps of the CNN algorithm

The next point g covers e and adds a new split point s, to SL (Figure 4.9b). Point d does not incur any
change because it does not cover any split point. Then, the algorithm backtracks to N, and visits the
subtree of E;. At this stage SL contains 4 split points and SLyuaxp iS decreased to |s;,b| (Figure 4.9c).
Now the algorithm backtracks to the root and then reaches Ns (following entries E,, Eg), where SL is
updated again (note the position change of s) and SLyaxp becomes |sk| (Figure 4.9d). Since
mindist(Es,q) > SLuaxp, Ns is pruned by heurigtic 1, and the algorithm terminates with the final result:

{<k, [s, s>, <, [s1,5]>, <0,[S2 €]>}.



The proposed algorithms can be extended to support kKCNN queries, which retrieve the k NN for every
point on query segment . Heuristics 1-3 are directly applicable except that, for each split point s,
dist(s, s.NN) isreplaced with the distance (dist(s, 5.NNy)) from s toits K (i.e., farthest) NN. Thus, the
pruning process is the same as CNN queries. The handling of leaf entries is also similar. Specificaly,
each leaf entry p is processed in atwo-step manner. The first step retrieves the set Scover Of split points
s that are covered by p (i.e, |s, p|<dist(s, S.NNy)). If no such split point exists, p isignored (i.e., it
cannot be one of the k NN of any point on g). Otherwise, the second step updates the split list. Since the
continuity property does not hold for k>2, the binary search heuristic cannot be applied. Instead, a
simple exhaustive scan is performed for each split point.

On the other hand, updating the split list after retrieving the Scover is more complex than CNN queries.
Figure 4.10 shows an example where SL currently contains four points s,.., S3, whose 2NN are (a,b),
(b,c), (b,d), (b,f) respectively. The data point being considered is p, which covers split points s, and ss.

SL={s, (NN, ,=a,b), s (NN, ,=b.c),
s,(NN, ,=b,d), s((NN, ,=d,f}}

vicinity
circle of s,

Figure 4.10: Updating SL (k=2) —the first step
No new splits are introduced on intervals[s, s+1] (0., [So, S1), if neither s nor s..; are covered by p.

circle of's,

Interva [s;, S;], on the other hand must be handled (s; is covered by p), and new split points are
identified with a sweeping algorithm as follows. At the beginning, the sweep point is at sy, the current
2NN are (b, ), and p is the candidate point. Then, the intersections between g and (b, p) (Ain Figure
4.11a), and between g and I (c, p) (B in Figure 4.11b) are computed. Intersections (such as A) that fall
out of [s;, ;] are discarded. Among the remaining ones, the intersection that has the shortest distanceto
the starting point s (i.e., B) becomes the next split point.

SL={s,( NN, ,=a, b}, s (NN, ,=b, c),
B(NN, ,=b, p), C(NN, ,=d., p), s (NN, ,=d, p)}

. é
b d*® be °
q o7 o B
Sy (S) / 2 83 8) Sy (S) S, 2 SS(B)
removed
(@) Intrsct. of g and O(b, p) (b) Intrsct. of g and O(c, p) (c) Intrsct. of g and (b, d)

Figure4.11: Updating SL (k=2) — the second step
The 2NN are updated to (b, p) at B, and now the new interval [B, s;] must be examined with ¢ asthe new
candidate. Because the continuity property does not hold, there is a chance that ¢ will become again one

of the kNN before s, is reached. The intersections of g with [(b, ¢) and [(p, ¢) are computed, and since



both are outside [B, s;], the sweeping algorithm terminates without introducing new split point.
Similarly, the next interval [s,, s3] ishandled and a split point Ciscreated in Figure4.11c. The outdated
split points (s,) are eliminated and the updated SL contains. s, s1, B, C, s3, whose 2NN are (a,b), (b,c),
(b,p), (d,p), (d,p) respectively. The adaptation of the proposed techniques to tragjectory nearest neighbor
queries (i.e., multiple connected line segments) is straightforward.

5. EXPERIMENTAL EVALUATION

The evaluation consists of two parts: in Section 5.1 we evaluate the overhead of TP NN queries with
respect to traditional NN queries, and in Section 5.2 we compare TP NN with the a gorithms of Section
4 on continuous nearest neighbor search. For all experiments we usethefollowing rea datasets: CA that
contains 130K sites and ST that contains the centroids of 2M MBRs representing street segments in
Cdlifornia[Web]. Thedisk sizeis set to 4K bytes and the maximum fanout of an R-tree node equals 200
entries. Experiments are conducted with a Pentium IV 1Ghz CPU and 256 M ega bytes memory.

5.1 Evaluation of TP NN queries

Recall that processing a TP KNN query isdivided into an ordinary KNN query (thefirst pass), followed
by the TP component (the second pass). Figure 5.1 (5.1a for CA dataset and 5.1b for ST dataset)
compares the cost of the two passes (for TP 10-NN queries) as a function of number of (LRU) buffer
pages. Cost is measured by the average number of disk accesses in performing workloads of 200
dynamic queries. The positions of queries in a workload conform to the distribution of the queried

dataset in order to avoid queriesin empty space. The query velocities range uniformly in [-0.1, 0.1].
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(a) CA dataset (b) ST dataset
Figure 5.1: Comparison of the conventional and the TP component

When there is no buffer, the second pass requires more disk accesses; however, the performance of the
second step improves fast even with a very small buffer. This is because the two passes have similar
access patterns, and pages |oaded for the conventional component are later available for TP processing.
Thisisfurther confirmed in Figure 5.2, which shows the cost of acomplete TP query (conventiona and
time-parameterized component) versus that of an ordinary KNN query (costs are shown as a function of
k). Notice that, when there is no buffer, a TP query is significantly more expensive than the

corresponding KNN query. The addition of a buffer with C=50 pages, reduces this difference



considerably; the cost of aBF TPKNN isonly 10%-20% higher than that of theregular query. Duetoits
lower cogt, in the sequel we adopt the BF approach for all experiments.
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Figure 5.2: Comparison of the conventional and the TP component

5.2 Evaluation of CNN queries

Therest of the experiments compare CNN and TP a gorithms by executing workloads, each consisting
of 200 segment queries generated as follows: (i) the start point of the query distributes uniformly in the
data space, (ii) its orientation (angle with the x-axis) israndomly generated in [0, 21), and (iii) the query
length isfixed for al queries in the same workload. In addition to node/page accesses we include CPU
time, which now constitutes an important part of the total cost due to the large number of distance
computations. Unless specifically stated, an LRU buffer with size 10% of the tree is adopted (i.e., the
cache alocated to the tree of ST is larger). Figure 5.3 compares continuous TP NN with CNN
processing (NA, CPU time and total cost) as a function of the query length (for k = 5). The first row
corresponds to CA, and the second one to ST, dataset. As shown in Figures 5.3a and 5.3d, CNN
accesses 1-2 orders of magnitude fewer nodes than TP. Obvioudly, the performance gap increases with

the query length since more TP queries are required.
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Figure 5.3: Performance vs. query length (k=5)



The burden of the large number of queries is evident in Figures 5.3b and 5.3e that depict the CPU
overhead. The relative performance of the algorithms on both datasets indicates that similar behaviour
is expected independently of the input. Finally, Figures 5.3c and 5.3f show the total cost (in seconds)
after charging 10ms per 1/0. The number on top of each column corresponds to the percentage of
CPU-timeinthetotal cost. CNN is|/O- bounded in dl cases, while TPis CPU-bounded. Notice that the
CPU percentages increase with the query lengths for both methods. For CNN, this happens because, as
the query becomes longer, the number of split pointsincreases, triggering more distance computations.
For TP, the buffer absorbs most of the I/O cost since successive queries access similar pages. Therefore,
the percentage of CPU-time dominates the I/O cost as the query length increases. The CPU percentage
is higher in ST because of its density; i.e., the dataset contains 2M points (as opposed to 130K) in the
same areaas CA. Therefore, for the same query length, alarger number of neighborswill beretrievedin
ST (thanin CA).

Next we fix the query length to 12.5% and compare the performance of both methods by varying k from
1t0 9. Asshown in Figure 5.4, the CNN algorithm outperforms its competitor significantly in all cases
(over an order of magnitude). The performance difference increases with the number of neighbors. This
isexplained asfollows. For CNN, k haslittle effect on the NA (see Figures 5.4aand 5.4d). On the other
hand, the CPU overhead grows due to the higher number of split points that must be considered during
the execution of the algorithm. Furthermore, the processing of qualifying points involves a larger
number of comparisons (with all NN of points in the split list). For TP, the number of tree traversals
increases with k, which affects both the CPU and the NA significantly. In addition, every query involves
a larger number of computations since each qualifying point must be compared with the k current

neighbors.
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Figure 5.4: Comparison with various k values (query length=12.5%)



Finally, we evaluate performance under different buffer sizes, by fixing glen and k to their standard
values (i.e., 12.5% and 5 respectively), and varying the cache size from 1% to 32% of the tree size.
Figure 5.5 demonstrates the total query time as afunction of the cache size for the CA and ST datasets.
CNN receives larger improvement than TP because its 1/0 cost accounts for a higher percentage of the
total cost.
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Figure5.5: Tota cost under different cache sizes (glen=12.5%, k=5)

6. CONCLUSION

Regular spatial queries are of limited use in dynamic environments, unless the results are accompanied
by an expected validity period. In this paper we propose time-parameterized queries, which, in addition
to the current nearest neighbor, return the expiry time of the result and the next change. As shown in the
experimental evaluation, the extrainformation is obtained at minimal cost. Then, we apply TP queries
for continuous NN search, where the goal is to retrieve all nearest neighbors of an object trajectory
together with their validity period. For this problem, we also propose an alternative technique (CNN)
that processes the entire tragjectory using asingle query. CNN outperforms TP significantly (by afactor
up to 2 orders of magnitude) especially for long trajectories.

Nevertheless TP queries as standalone methods are crucia for query processing in highly dynamic
environments (e.g., mobile communications, weather prediction) where any result should be
accompanied by an expiry period in order to be effective in practice. Similarly, CNN queries are
essential for applications such as location-based commerce (“if | continue moving towards this
direction, which will be my closest restaurants for the next 10 minutes?’) and geographic information
systems (“which will be my nearest gas station at any point during my route from city A to city B”).

Given the relevance of the proposed techniques to several spatio-temporal applications, we expect this
research to trigger further work in the area. Regarding time parameterized queries, extensions involve
additional query types. For example, a TP closest pair (TP CP) query identifies future changes in the
closest pairs of objects from two dynamic datasets (e.g., "inform a set of customers about when their
nearest cabs will change"). Aswith TP NN queries, the influence time of a pair of objects (customer,
cab) in the TP CP problem depends on the closest pair now. Thus, an efficient definition for Tyn(E1LE)
is difficult, because it requires the knowledge of nearest cabs of al customers. Another direction

concerns the application of CNN technigues to dynamic datasets. Several indexes have been proposed



for moving objectsin the context of spatiotemporal databases [KGT99, SILL0Q]. These indexes can be

combined with our techniques to process prediction-CNN queries such as "according to the current

movement of the data objects, find my nearest neighbors during the next 10 minutes”.
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