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Abstract

Nearest neighbor query is one of the most important operations in spatial databases and their application domains,
such as location-based services and advanced traveler information systems. This paper addresses the problem of
finding the in-route nearest neighbor (IRNN) for a query object tuple which consists of a given route with a
destination and a current location on it. The IRNN is afacility instance via which the detour from the original route
on the way to the destination is smallest. This paper addresses four alternative solution methods. Comparisons
among them are presented using an experimental framework. Extensive experiments using real road map datasets are
conducted to examine the behaviors of the solutions in terms of five parameters affecting the performance. The
overall experiments show that our strategy to reduce the expensive path computations to minimize the response
time is reasonable. The spatial distance join-based method always shows better performance with fewer path
computations compared to the recursive methods. The computation costs for all methods except the precomputed
zone-based method increase with increases in the road map size and the query route length but decrease with
increases in the facility density. The precomputed zone-based method shows the most efficiency when there are no

updates on the road map.
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1. Introduction

A very important query in spatial database systems and geographic information systems is the nearest neighbor
(NN) search [16, 17]. The problem is: given a set of instances of afacility type, adistance metric, and a query object

q, find afacility instance “closest” tog.

In the nearest neighbor literature, the Minkowski metrics, e.g., Euclidean distance [6, 14, 21, 26, 27] and graph
path length, e.g., road distance [3, 4, 12] are common distance metrics. Query objectsin the literature [1, 4, 7, 14, 21,
26, 27] can be of two types, namely, a point and line segments. A point-NN query is a conventional NN query [4,
14] (e.g., “find the nearest gas station to my hotel”). A variant to the point-NN query is a closest pair query
between two point datasets[1, 7] (e.g., “find the pair of a gas station and a restaurant that has the smallest distance
between them.”). Line sgment-NN queries can be of two types. One finds the closest facility to all the line
segments [21]. The other retrieves the nearest facilities of any point on the line segments [26, 27] (e.g., “find all

nearest gas stations on my route from a starting position to a destination”).

In this paper, we present the problem of finding the in-route nearest neighbor (IRNN) for a query object tuple
0=<R, c>, where Ris a given route with a destination and c is a current location on the route R [19]. The IRNN
problem is searched with the detour distance via a facility instance from the query route R on the way to the
destination. As the following example illustrates, the problem can arise naturally in a travel environment. It isan
interesting issue in advanced traveler information systems [9, 10, 18, 20, 25] as well as location-based services [5,

16] for commuters with a strong preference for a specific route.

Consider Figure 1, where a set of instances of afacility type (e.g., gas station), F={fy, f,, f;, f,, fs}, is represented
by stars on the road map. A solid line R shows the daily route of acommuter, say from work to home. We call thisa
query route R. Supposethat the commuter’s vehicle, which originated at position s, is currently at position c. Then,
the driver asks where the nearest gas station is. The NN to the current locationc is f, using the Euclidean distance
metric. Next, consider the IRNN problem using a road-distance metric. There are two facility instances, f,and fs, near
the route to destination d. Among new routes to d by way of afacility instance, let oneviaf, be R1 and another via
fsbe R2. Thetrip along R1 has the shortest distance to d via afacility instance. By contrast, R2 deviates |ess from
the original route R. A tourist considering only total travel distance to his/her destination prefers f, on the shortest
path route R1. However, acommuter prefers to continue along his/her preferred route R and chooses f; rather than

f,since the deviation from Rissmaller. In this paper, we focus on finding the IRNN such asfs.

Four alterative algorithmsare presented for processing the IRNN query on road networks. Relevant NN query
processing techniques in the literature [1, 7, 14, 22] are extended for solving this problem by incorporating a path
computation algorithm [24] for aroad-distance metric. We provide comparisons of the different solutions using an
experimental framework. The behavior of the solution methods is examined with parameters affecting the
performance, i.e., road map size, road map density, facility density, query route length and update rate on the road

network.



Figure 1. An example of nearest neighbor query

The spatial distance join-based method always shows better performance with fewer path computations compared
to the recursive methods, the simple graph-based method and the recursive spatial range query -based method. The
precomputed-zone based method outperforms the others under all setting when thereis no update on the road map.

The rest of the paper is organized as follows. Section 2 outlines related NN query methods and presents our
contributions. Section 3 describes related basic concepts and our problem definition. In Section 4, four aternative
IRNN query methods are presented. In Section 5, we evaluate the experimental results of these methods. The
conclusion is given in Section 6. This paper focuses on urban street maps where the instances of a facility type are

located on streets. For simplicity, we focus on road maps which can be represented as bi-directional graphs.

2. Rdated work and our contributions

Relevant NN query processing techniques in the literature can be classified into two groups, namely, tree traversal
[1, 4, 6, 14, 26, 27] and zone-precomputation [21, 23]. The tree traversal approach using the Euclidean distance
metric employs a spatial database structure such as R-tree and searches it in a branch-and-bound manner. There
are two types of traversals, adepth-first [14] and a best-first [6]. The zone-precomputation approach uses the pre-
computed result of the NN obtained from partitioning a search data space. For instance, closest point problemsin
the computational geometry are usually solved using VVoronoi diagram partition [13]. The Euclidean distance-based
NN algorithms have been extended for aroad-distance based NN. Recent work [4, 12] has proposed a method that
utilizes a spatial tree traversal. In the graph theory and network analysis literature, multiple runs of a single-source
al-destination shortest path algorithm [8] are used for a road-distance based zone-computation. Another approach
[3] transforms a road network into a high dimensional space in order to utilize computationally simple metrics.

However, the existing literature has not addressed the IRNN problem, which is of interest to commuters.

This paper makes three main contributions: Hrst, we define the IRNN query problem. Second, we extend
relevant NN query techniques for processing the IRNN query and incorporate a path search algorithmfor a road-
distance metric. Four alternative solution methods are presented. The first is the simple graph-based approach. It
repeats a single-source shortest path finding algorithm by adjusting a path search area with the previous result.



The second and third methods employ a spatial index tree of facility instance points and adopt a tree traversal
technique. The former uses recursive spatial range queries for filtering candidate IRNNSs. The latter utilizes a spatial
distance join technique between two datasets, a set of facility points, and a set of query route data. In the final
method, precomputed zone-based, aroad network is preprocessed into zones and the result of NN to every node
obtained from the zone allocation is stored in the secondary memory. As the third contribution, we compare the
four different solutions under an experimental framework. We examine the behavior of the algorithms as the facility
density increases, the route length increases, the size and density of road map grows and the rate of update on the
road map increases. The results show that the precomputed zone-based method outperforms the other agorithms
under dl parameter settings of facility density, route length and road map size. However, the method needs more
storage space for storing the precomputed results and its performance degrades dramatically with updates on the
road map. Our experiments show that our strategy to reduce the expensive path computations to minimize the
responsetime is reasonable. The spatial distance join-based method always shows better performance with fewer
path computations compared to the recursive methods, the simple graph-based method and the recursive spatial
range query -based method. The overall response time for all methods except the precomputed zone-based method

decreases with facility density and increases with road map size and route length.

3. Basic concepts and problem definition

3.1 Basic concepts

Road Networks A road network N=N(V, E) is modeled as a directed graph G(V, E) which consists of afinite set of
vertices V (or nodes) and a set of edges E (or links). In the graph, an intersection on aroad map is represented as a
vertex and a road segment between two intersections as an edge in the graph. A bi-directional road is represented
using two edges. Each edge has itsweight (or cost). We suppose the weight represents the road distance between
two neighboring intersections. We also assume that a road network N=N(V, E) is adjusted with a set of point
instances of afacility type F={f,, f,, ..., f,} . Let the original road network N'=N’(V', E’). The adjusted network with
F isN=N(V, E), whereV=V' E F and E’ issubdivided to E if E' contains afacility point f

Shortest Path Finding Algorithms. The road distance between two points can be calculated using a shortest path
finding algorithm for which many well established graph-theoretical algorithms are available in the literature [18,
24]. We use Dijkstra' s single-source shortest path finding algorithm [24]. Other shortest path finding algorithms

[18], however, can be used, and we will explore those in future work.

Distance Functions: Consider a set of instances of afacility type F= {f;, %, ..., .}. A given route R can be
represented by a starting point s and a destination d and a set of consecutive intersections between them, that is,
R={ry, r,..., r} where rjissand r,isd. We call them the branch points of the route. The current position c is a
point on route R. We assume that R is the shortest path from sto d. Other symbols for our distance function are

listed in Tablel. All of thetotal travel distance functionsfrom c to d via f; can be defined as follows:



Symbol Meaning

D(xy) The shortest distance from xto y

D(xy,2) The shortest distance from xto y viaz

D(x,y,zR) The shortest distance from xto z and z to y via nodes on route R
Di(xy,R) The shortest distance from xto y vianoder; on route R

D(xy,zR™)  The shortest distance from x to z and z to y vianodes on route R maximizing the use of R

Di(xy,R™) The distance from x to node r; on route Rand r; to y where r; is a branch point maximizing the use of R

Table 1. Symbolsfor distance functions

General total travel distanceviaf;:
D(c. d, f) = {D(c. f) + D(f, d)} ©)
Route constrained total travel distance via f;:

D(Cv d, fiv R) = Dj(C, fi! R) + Dk( fii d! R) = MII’I{ D(C, rj) + D(rj! fl)} + MJn{D(fli rk) + D(rki d)} (2)

IR
To maximize the reuse of arouteon atrip,

D (c.d,f, R™) = Dy(c, f, R™) + D(f, d, R™) = Min{D(r;, i)} + D(c, 1) + MTiQ{D(fia ra}+D(n™d) ©)

For undirected network use,

D (c, d, f, R™) = D (c, f, R™) + D (f, d, R™) = 2* Min{D(r;, )} + D(c, r;"")+D(r;"",d) 4

From the above (4), total travel distance function, the shortest detour distance via f; from R is defined as follows:
Shortest detour distance fromRvia f;:

Dde(our(cl d! fil RTIaX) = D(C, d1 fil R’nax) - D(C,d) (5)

3.2 Problem definition

The IRNN problem is defined as follows:
Given:

1. A set of instances of afacility type, F={f,,f, ..., f}
2. A road network, N=N(V, E)
3. A query object q=<R, c>, where Ris aroute with a start point s and a destinationd, and c is a current location

onR
Find: A facility instance f;
Objective: The detour distance viaafacility instance f,from the route R is shortest such that

Ddetour(cv dv fia R’ﬂax) £ Ddetour(ca d1 f]v Rnax)v f|| F1 f]l F_ fi



Constraints:

1. A graph path length is used as a distance metric.
2. A set of instances of afacility type F islocated on road network N.
3. The cost to locate a query object g on network N isignored.

4. Computation time and user reaction timeis negligible with respect to travel time.

4. 1RNN query processng methods

In this section, we discuss four solution methods for solving the IRNN problem: Simple Graph-Based (SGB),
Recursive Spatial Range query-based (RSR), $atial Distance din-based (SDJ) and PreComputed Zone-based
(PC2).

4.1 Simple graph-based method

An acceptable solution of the IRNN query needs to find the NNs of each route branch point {ry, 1, ..., r} ona
query route R. A naive solution executes a shortest path search recursively at every branch point and compares
their detour distances. When Dijkstra' s single-source shortest path finding algorithm is used for road-distance, the
facility node first permanently labeled during the path search becomes the NN to the branch point. SGB repeats the
path computation at every route branch point by adjusting the path search upper bound with the result of the
previous path computation. The computation complexity of SGB is O(lt|(le| +v[log)v])), where t is the number of
branch points on the route, e isthe number of edges of the network and v is the total number of nodes of the
network, and O(le| +vloglv)) is the computation complexity of Dijkstra's algorithni21]. The disadvantage of this
solution, however, is that as the number of branch points on the route increases, the more expensive the
processing becomes. Figure 2 illustrates the pseudo code of SGB. Our additional codes to Dijkstra’s are written in

italics.

GB(R, ¢)
/* R query route, s. start node of R, d: destination node of R, c: current location */
. minDetourDist = infinit // minDetour Dist is minimum detour distanceto R
. for all nodesr of Rfromstod
if r isa past node then pathDist(r) = pathDist(c,r) // pathDist(c,r):road distance fromctor
else pathDist(r)=0 /I pathDist(X):road distance from a path computation source r to x

1

2

3

4

5. insert sourcer into Heap
6. foral nodesv exceptr

7 pathDist(v)= infinit

8.  While (Heap is not empty)
9

get node u with smallest tentative distance in Heap



10. if minDetourDist < pathDist(u) or u is a facility node

11. if minDetourDist > pathDist(u)
12. minDetourDist= pathDist(u)
13. NN=u

14. continue at next node r

15. for dl neighbor nodesv of u

16. if pathDist(u) + weight(u,v) < pathDist(v)
17. if pathDist(v) == infinit insert neighbor node v in Heap with pathDist(u)+weight(u,v)
18. else set distance of neighbor node v in Heap to pathDist(u)+weight(u,v)

Figure2. Algorithm of the smple graph-based method

4.2 Recursive spatial range query-based method

The second solution method is the recursive spatial range query-based. The motivation for this method is from the
following property. Let p and g be two points on the road network, EucDist(p,q) be the Euclidean distance and
pathDist(p,q) be the path distance betweenp and g.

Property 1. EucDist(p,q) £ pathDist(p,q)

Although the Euclidean distance does not estimate the exact road-distance between two points, it can provide the
lower bound of the road-distance. If there is no facility within the Euclidean distance search bound, it is clear that
no road-distance based facility exists in the search area. In this case, a new path computation for finding IRNN is
unnecessary. The cost of Euclidean distance-based query processing is relatively lower than that of a path finding
computation and the approach is well studied in the spatial database literature [14, 15, 17]. In our work, it is
reasonable that we consider a half of adetour distance via afacility point since the road map is supposed to use a
bi-directional road network. We utilize a spatial range query to use Property 1. It is used to check if candidate

facilities exist in the search bound. We assume that a set of facility pointsis stored in aspatial index tree.

Figure 3. Recursive spatial range query-based method



The RSR method works as follows. At the first route point, the start position of a given route, launch a shortest
path search algorithm and cal culate the detour distance to itsNN. The result is set to the minimum detour distance
so far, T, which will be used as the search bound of the next route branch point. A spatial range query whose
search radius is T is executed at the next branch point. If there exists a facility within the search area, calculate a
path length to the candidate facility from the route node. If the new detour distanceislessthanT, Tisupdated with
the new value. The procedure continues by adjusting the search bound of each branch point until the last route

point, which isthe destination.

Consider the example given in Figure 3. In thefigure, let the grids be a road network and the grid sizebe 1. A
query route R={ry, I,, 3, f4, I's, e} isrepresented by asolid line. A current positioncislocated at r,. A set of facility
points F={f,, f,, f3} isrepresented by stars. The detour distance to each facility point isdepicted by adash line. The
query processing step can be traced as follows. First, we execute a path search at the start position r,. We know
that the NN tor,isf; and that the detour distanceis 2 (T' is described in the figure) since the way to f; is opposite
the current direction to the destination. The minimum detour distance T is set to T'. At the next route node r,,
execute a spatial range query whose radius is T' and examine whether a facility exists within the Euclidean search
area. If thereisafacilityinthe area, e.g., f,, the detour length to the facility is calculated. In this example, the detour
length is I(T" in figure). T is updated with smaller T'. The same procedure continues until destination rg In this
example, path computations at r; and r, can be skipped since there is no candidate facility within their search
bound. The route nodes that need a new path search are colored gray in Figure 3 This method has fewer path
computations than SGB. In this example, IRNN is f; because its detour distance from R is smallest. Figure 4 shows

the pseudo code of RSR.

RR(R, c)
/* R query route, s: start node of R, d: destination node of R, ¢: current location */
1. (minDetourDist, NN) € PathSearch(s) //PathSearch(s): path computation from sto find a NN facility

2. for all nodesr on R except sto d

3. EucSearchDist=minDetourDist;

4. if(ObjectExists(r, EucSearchDist)) lICheck if a facility exists within a EucSearchDist bound fromr
5 (detourDst, candiNN) < PathSearch(r)

6. if r isa past node then detourDist = detourDist +pathDist(c,r)

7 if detourDist < minDetour Dist

8 (minDetourDist, NN) < (detourDist, candiNN)

Figure 4. Algorithm of therecursive spatial range quer y-based method



Figure5. Spatial distancejoin-based method

4.3 Spatial distance join-based method

The previous RSR method launches a new spatial range search at every route node even though the number of
path computations for processing the IRNN query decreases compared with SGB. One possibility for our
progressive solution finds IRNN candidates located as close as possible. If we tighten the search bound at the
beginning of query processing, we can reduce the number of path computations even more. To make the idea
concrete, we adopt a spatial distancejoin operation whose output is ordered by the distance between two datasets
[1, 7]. The distance join operation assumes that two data sets are indexed by each spatial index tree and the
operation searches two trees in a branch-and-bound manner. In our case, the two data sets are a set of point
instances of afacility type and a set of node points of agiven query route. A spatial index tree for the latter is built
during the IRNN query processing. For the spatial distance join operation, we adopt the functionality of the heap
agorithm by [1].

The SDJ method works as follows. First, set the initial minimum detour distance T to infinite and start the
distance join operation between the two data sets. According to the tree traversal method between two spatial
trees, a heap is occupied with the following elements, i.e., <r;, f, dist>, <r;, MBR;, dist>, <MBR, f, dist> or <MBR,
MBR;, dist> where r; is aroute node object, fjis a facility point object, MBR: is the minimum bounding rectangle
(MBR) of route nodes and MBR; is the MBR of facility points, and dist is the Euclidean distance between two
objects, one object and one MBR or two MBRs. The elements are ordered by dist in the heap. If one element from
the top of the heap consists of two objects <r;, f> and its dist is less than the current minimum detour distance T,
then compute the detour distance from r; to f;. If the result issmaller than T, itis set to T and f; becomes the IRNN so
far. The procedure isrepeated until the dist of the next element form the top of the heap is greater than T. Figure 5,
when compared with Figure 3, reveals the differences between the SDJ method and the RSR method. As can be
seen in Figure 5, we can find the Euclidean distance closest pair s, £) using the incremental distance join
algorithm Froma path computation at rs, we get the tightening bound of the next search. This example shows only
one path search at rscolored gray. Compared with the previous recursive solutions, SGB and RSR, SDJ is expected

to be more efficient with fewer path computations. Figure 6 illustrates the pseudo code of SDJ.



DI(R, ©)

/* R query route, s: start node of R, d: destination node of R, ¢: current location */
[*R.: spatial tree of facility points, R; :spatial tree of route nodes */

1. minDetourDist = infinit

2. Q € NewPriorityQueue()

3. EnQueug(Q, 0, <R;.rootnode, R;.rootnode>)

4. while not IsEmpty(Q)

5. Elem € Dequeug(Q)

6. if both items <itemR, itemF> in Elem are objects<r,f>

7. (detourDist, candiNN) € PathSearch(r)

8. if r isa past node then detourDist = detourDist + pathDist(c, r)

9. if ISEmpty(Q) or detourDist <= Front(Q).dist

10. (minDetourDist, NN) & (detourDist, candiNN)

11. exit

12. else EnQueug(Q, detourDist, <r, f> )

13. elseif itemR in ElemisMBR,

14. if MBR,isaleaf node

15. for al objectsr of MBR;

16. EnQueue(Q, dist(r, itemF), <, itemF>)

17. esefor al child nodes childMBR, of MBR,

18. EnQueue(Q, dist(childMBR,, itemF), < childMBR;, itemF >)
19. else//if itemF in Elemis MBR

20. if itemF in Elemisaleaf node

21. for all objectsf of MBRs

22. EnQueue(Q, dist(itemR, f), < itemR, f>)

23. else for al child nodes childMBR; of MBR;

24, EnQueue(Q, dist(itemR, childMBRy), < itemR, childMBR; >)

Figure 6. Algorithm of the spatial distance join-based method

4.4 Precomputed zone-based method

Another important approach in the NN query literature uses pre-computed results. In this section, we present a
method based on the pre-computed zones of aroad network. The preprocessing step, given a set of instances of a
facility type F located on the road network, computes a service zone s of each facility instance f. The service zone

satisfies the following property.
Property 2. For every node v, in aservice zone s on the road network,

pathDist(v, f) £ pathDist(v;, f), wheref; isthe facility in service zone 5 and f, not.

10
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Figure 7. Precomputed zone-based method

Theinformation of the service facility, <v;, i, D(v;, f)> for every nodeyv;, is stored in a traditional index structure,
e.g., a B+tree, with akey v;. For alocating the road-distance based service zones, we use the network partition
agorithm by [22]. It isa dlight variation of Dijkstra’s algorithm, a multiple source shortest path finding algorithm. It
has a running time O(|ejm+v[loglv|), where mis the number of instances of afacility type, eis the number of edges of
the network, and v is the number of nodes. Figure 7 shows allocated service zones on the road network. The
service zones intersected by a given query route are gray colored and their facilities become candidate IRNNS.
Figure 8illustrates the pseudo code of the network allocation.

The precomputed service zones-based method (PCZ) works as follows. For every route branch point, find the
service zones in which it islocated and look up the precomputed distance from the route point to its service facility
point. Its detour distance is adjusted with the current location on the route. The facility having the smallest detour
distance becomesthe IRNN. Figure 9 shows the pseudo code of PCZ.

Network_Partition(G,F)

/* G: Network Graph, F: facilities*/

1. for facility nodesf in F

2. pathDist(f)=0, serviceFacility(f)=f

3. insertfinto Heap

4. for al nodesv except F

5. pathDist(v)=inifinit, serviceFacility(f)=Null
6. While (Heap is not empty)

7. get node u with smallest tentative distance in Heap
8. for al neighbor nodesv of u

9. if pathDist(u) + weight(u,v) < pathDist(v)

10. if pathDist(v) == infinit

11. insert neighbor node v in Heap with distance pathDist(u)+weight(u,v)
12. else set distance of neighbor node v in Heap to pathDist(u)+weight(u,v)
13. serviceFacility(v)=serviceFacilitiy (u)

Figure 8. Algorithm of network allocation of service zones

11



PCZ(R, c)

/* R query route, s: start node of R, d: destination node of R, ¢: current location */
1. minDetourDist=infinit

2. for all nodesr on Rfromstod

3. (detourDist, candiNN) <findServiceFacility(r)

4. ifrisapast node then detourDist = detourDist +pathDist(c,r)

5. if detourDist < minDetourDist

6 (minDetourDist, NN) € (detourDist, candiNN)

Figure9. Algorithm of the precomputed zone-based method

5. Experimental evaluation

We performed experimental evaluations to compare the four different solutions using four real road network
datasets of different size and different density. Our purpose was to answer five individual questions and one

overall question.

1. How doesroad map size affect the response time and the storage needs of all methods?
2. What isthe effect of facility density on the performance of all methods?
3. What isthe effect of route length on the performance of all methods?
4. How doesroad map density affect the response time?
5. How do updates on road network affect the performance of all methods?
For an overall question,

6. What isthe choice of the different methods?

5.1 Experiment design
5.1.1 Dataand query sets

We used a publicly available real digital road map. The dataset covers seven counties in Minnesota: Anoka,
Carver, Dakota, Hennepin, Ramsey, Scott and Washington. Ramsey has dense urban and first ring suburbs.
Hennepinisamixed area of dense urban, first and second ring suburbs and large undeveloped areas. Other areas
are second ring suburbs and large undevel oped area. We converted the map into four bi-directional road networks.
The first network dataset, RAMSEY, contains 14,412(15K) nodes. The second dataset, HENNEPIN, contains
35,869(36K) nodes. The third, D&H, covers Dakota and Hennepin counties and contains 75,739(76K) nodes. The
final dataset, ALL, covers all seven counties with atotal of 190.354(191K) nodes. We used the sets of points of a
facility type randomly generated from the above road network datasetswhose densities were different, e.g., 0.001%,
0.5%, 1%, 5%, 10% etc. In this paper, facility density is defined as the number of facility points over the number of

nodes of aroad network. A query route was also randomly selected using the road network dataset.
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Figure 10. Experiment layout

In this paper, aroute length is defined by the number of nodes that a route consists of. We used different route

lengths, i.e., 30, 50, 100, 200, 500 and 1000. A current positionwas randomly selected on the route.

5.1.2 Experiment layout

Figure 10 showsthe overall experiment layout. Performance is measured by executing workloads, each consisting of
100 queries generated as follows: i) A new set of facility points are randomly generated with a given density per
each query. ii) A new query route per query is randomly generated. A node is randomly chosen as a starting
position. Then consecutive nodes are selected randomly with the number of nodes equaling a given route length.
iii) A current position is randomly selected on the generated route. iv) For RSR and SDJ, each R* tree for facility
points and a query route is created. v) For PCZ, network allocation is computed and the precomputed NN result is
saved inaB+tree. vi) To examine the effect of updates on the road network, changed road segments are randomly
chosen with the given update ratio. The experiments were performed on a Sun Ultra SPARC |le workstation, which

has 512 M Bytes of main memory. The experiments were written in C/C++.

5.1.3 Experiment Configuration

Table 2 shows the overall configuration of the experiment. The candidates of the experiment are the proposed four
methods.

Bxp id Variable parameters Dependent variables Fixed parameters

1 road map size cpu time, storage size number of facilities=200,
route length=100

2 density, road map cpu time, path search area route length=200

3 route length, road map cpu time, number of path computations | facility density=1%

4 road map, density cpu time route length=200

5 change rate of road map cpu time route length=200,

6 ratio of changed edges/route length cpu time facility density=1%

Table2. Experiment configuration
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5.2 Experiment results

5.2.1 How doesroad map size affect the response time and the storage needs of all methods?

In the first experiment, we compared the effect of road map size on the performance and the storage needs of al four
methods. Figure 11(a) illustrates the response time as a function of road map size where ALL(191K) > D&H(76K) >
HENNEPINE(36K) > RAMSEY (15K). The query route length is fixed at 100 and the number of facility points at 200
in al road map datasets. Overall response time in all methods except PCZ increases with road map size. This
happens because, as road map size becomes larger, the facility density becomes sparser with a fixed number of
facilities and the path search area can grow, increasing the path computation time. By contrast, PCZ shows a
constant time since it looks up the materialized result and has the simple calculation of detour distance from the
current location. Among on-line computation methods, SDJ shows better performance than the recursive methods,
SGB and RSR. Figure 11(a) also shows the precomputed cost of PCZ. The service zone computation cost depends

on the size of road map.

Next, we compared the storage sizes of all methods. As shownin Figure 11(b), it is clear that the storage size of
PCZ depends on the road map size since it stores the precomputed NN result of all nodes of the road network. By
contrast, the current SGB method does not require storage. RSR and SDJ operate independently of the road map
size. Their storage needs depend on the size of the spatial index of facility points and SDJ has an additional space

for the spatial index of route nodes.
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(a) Performancevs. road map (b) Storage sizevs. road map

Figure 11. Effect of different road map sizes (Number of facilities=200, route length =100)
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Figure 13. Performancevs. facility density in different road networks (route length =200)

5.2.2 What isthe effect of facility density on the performance?

In the second experiment, we examined the impact on the performance of the methods as the facility density varies.
First, we examined it with very sparse densities, e.g., 0.0001, 0.01 etc. Figure 12(a) shows that the response time is
long when the density is very sparse, but it drops sharply and remains mostly constant after a threshold density,
e.g., 0.5. Thereason isthe sparser the density, the bigger the expected search area becomes. Figure 12(b) illustrates
this well. Figure 13 presents the response time as facility density on different size data sets, D&H and ALL
respectively. The route length is fixed to 200. Figure 13 shows that the response time for al methods except PCZ
decreases gradually with increasein the facility density. The curves for different size road networks (a) and (b) are
similar. The reason is that the possibility that a facility exists near a query route is higher as a facility density is
greater, producing a smaller search bound. The facility density has an overall positive impact on the performance.

By contrast, PCZ receiveslittle effect from changesin the facility density.
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Figure 15. Number of path computationsvs. route length (facility density =1 %)

5.2.3 What istheeffect of route length on the performance?

In the third experiment, we examined the impact on the performance of all methods as the route length varies. Figure
14.illustrates the response time as aroute length for different size data sets, RAMSEY, D&H and ALL respectively.
The facility density was fixed at 1%. As shown in Figure 14, the overall response time of all methods except PCZ
increases with increases in the route length. In the recursive methods, SGB and RSR, the longer the route length,
the worse the performance becomes. SDJ clearly shows better performance than the recursive methods. PCZ shows
very little effect from route length. Figures 14 (a), (b) and (c) have similar curves. We also examined the number of
path computations each method executed. The number of path computations in SGB is the same as the route

length. RSR shows roughly half the number of path computations as SGB. It can also be seen that SDJ, a non

recursive method, uses fewer path computations and receives a very little effect of route length.
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5.24 How doesroad map density affect the response time?

In the fourth experiment, we examined the effect of road map density on the performance. First, we examined it with
data sets of different road density. RAMSEY has the greatest density among the experiment road data sets.
HENNEPIN is the second most dense road data set. We set a high facility density value, 20%. In Figure 16(a), we
can see that, unlike the result of the previous experiment, RSR does not perform better than SGB in RAMSEY and
HENNEPIN road maps. The reason is that when the road map and the facility points become denser, the false hit
ratio of the Euclidean candidates in RSR increases. Figure 16(b) shows that the higher the facility density becomes,

the more the RSR response time increases.
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Figure 16. Effect of road map density (route length =200)

5.25 What isthe effect of updates on the road map?

In the fifth experiment, we examined the impact of updates in the road network on the performance of all methods.
Figure 17(a) shows the response time asthe percentage of update edges over the total number of edges of the road
network. The other parameters are fixed: facility density=1%, route length=200. As can be seen, the overall
response time for all methods except PCZ remains constant with increases in update edges. Thisislikely due to the
fact that the update load of the road network itself is negligible due to the relatively small size of the experiment
data set and the resulting inexpensive memory operations. However, PCZ response time increases as the update

ratio increases because of the recomputation of allocation.
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Figure 17. The effect of updates on road network
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5.2.6 What isthe choice of different methods?

In the final experiment, first, we examined the effect of the dominance zone on the performance of the algorithm in
the updates of the road methods. We compared PCZ with SGB, which is expected to be most expensive in the total
cost. Figure 17(b) shows that the response time of PCZ moves in the opposite direction with SGB when the ratio of
the number of changed edges and route length shows almost 1. The breakpoint shows a case that the number of
path computations in SGB is same with the number of path search launches for partially recomputing service zones
for PCZ. Second, the choice among the on-line computation methods, PCZ, RSR and SDJ depends on the facility

density and road map density as above experiments. SDJ shows better performance under all setting.

6. Conclusion

We studied the in-route nearest neighbor query for a given route and presented four different solution methods.
We focused on comparisons among them using an experimental framework. The experimental results show that the
precomputed zone-based method always outperforms the other methods when there are no updates on the road
map. However, the response time of the preconputed zone-based method dramatically increases with increases in
the update ratioio. It also needs more storage space for storing the precomputed results. In the other methods, the
overall response time decreases with increases in the facility density and increases with increases in the route
length and the size of the road map. The spatia distance join-based method outperforms the recursive methods
with fewer numbers of path computations. The experiment shows that our strategy to reduce the number of path
computations to minimize the response time is reasonable. However, in the dense road map area, the performance of
the recursive spatial range query-based method declines due to the increase of the false hit ratio of the Euclidean

candidates and the simple graph-based method shows better response time than the spatial range query-based
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method. In future work, we plan to extend our approach to continuous IRNN query problems and explore kNN

query on road networks for moving objects.
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