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ABSTRACT
In this paper, we propose and investigate a novel spatial
query called Reverse Path Nearest Neighbor (R-PNN) search
to ﬁnd the most accessible locations in road networks. Given
a trajectory data-set and a list of location candidates speciﬁed by users, if a location o is the Path Nearest Neighbor
(PNN) of k trajectories, the inﬂuence-factor of o is deﬁned
as k and the R-PNN query returns the location with the
highest inﬂuence-factor. The R-PNN query is an extension
of the conventional Reverse Nearest Neighbor (RNN) search.
It can be found in many important applications such as urban planning, facility allocation, traﬃc monitoring, etc. To
answer the R-PNN query eﬃciently, an eﬀective trajectory
data pre-processing technique is conducted in the ﬁrst place.
We cluster the trajectories into several groups according to
their distribution. Based on the grouped trajectory data, a
two-phase solution is applied. First, we specify a tight search
range over the trajectory and location data-sets. The eﬃciency study reveals that our approach deﬁnes the minimum
search area. Second, a series of optimization techniques are
adopted to search the exact PNN for trajectories in the candidate set. By combining the PNN query results, we can
retrieve the most accessible locations. The complexity analysis shows that our solution is optimal in terms of time cost.
The performance of the proposed R-PNN query processing
is veriﬁed by extensive experiments based on real and synthetic trajectory data in road networks.

Categories and Subject Descriptors
H.2.8 [Database Applications]: Spatial databases and
GIS

General Terms
Algorithms, Performance
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Figure 1: An example of R-PNN query
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INTRODUCTION

The continuous proliferation of mobile devices and the rapid
development of Global Positioning Systems (GPS) enable
people to log their current geographic locations and share
their trajectories to the web-sites such as Bikely1 , GPSWaypoints2 , Share-My-Routes3 , Microsoft GeoLife4 , Foursquare5 , etc. The availability of the massive trajectory data
creates various novel applications. An emerging one is the
Reverse Path Nearest Neighbor (R-PNN) query, which is designed to retrieve the most accessible locations among a set
of location candidates. Given a trajectory set T , the query
input is a set of location candidates O. If a location o ∈ O
is the Path Nearest Neighbor (PNN) (i.e., the closest data
point to a speciﬁed path, according to a distance metric) [14,
24, 5, 13] of k trajectories, we deﬁne the inﬂuence-factor of
o as k (o.if = k). The R-PNN query asks for the location
with the highest inﬂuence-factor among all location candidates (i.e., the location with the highest accessibility to the
trajectories). A similar work is studied in [20] to ﬁnd the
most inﬂuential sites by considering the relationship in Euclidean space between data points (i.e., points to points in
Euclidean space vs. trajectories to points in road networks
in our work).
An example of R-PNN query is demonstrated in Figure 1,
τ1 , τ2 , ..., τ5 are trajectories and o1 , o2 , o3 are query locations
given by users. According to the deﬁnition of Path Nearest
Neighbor, it is easy to ﬁnd that o1 is the PNN of trajectories
1
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τ1 , τ2 and τ3 , which means that the inﬂuence-factor of o1 is 3
(o1 .if = 3). In the meantime, o2 is the PNN of τ4 (o2 .if = 1)
and o3 is the PNN of τ5 (o3 .if = 1). Therefore, o1 is the
data point with the highest inﬂuence-factor and the R-PNN
query will return data point o1 to users.
This type of queries is useful in many important applications, such as urban planning, facility allocation, traﬃc monitoring, location based services, etc. For example, suppose
people want to set up a new facility (e.g., post oﬃce, bank,
petrol station, etc.) in the city and the trajectory data of
potential customers are available. The R-PNN query can be
used to ﬁnd the most accessible location among all given location candidates, to maximize the commercial value of the
new facility. In traﬃc monitoring, the R-PNN query can be
used to ﬁnd the optimal location to monitor the maximum
number of vehicles.
In this work, the proposed R-PNN query is applied in road
networks, since in a large number of practical scenarios objects move in a constraint environment (e.g., roads, railways,
rivers, etc.) rather than a free space. A trajectory is a sequence of sample points of a moving object. We assume that
all sample points have already been aligned to the vertices on
the road network according to some map-matching methods
[8, 1, 3, 17] and between two adjacent sample points a and
b, the moving objects always follow the shortest path connecting a and b. A straightforward idea to solve the R-PNN
problem is to search the exact PNNs for all trajectories in
the data-set, and then combine the results to get the location
with the highest inﬂuence-factor. However, it is not practical since every trajectory in the trajectory data-set, which
is supposed to be large in R-PNN query, has to be processed
during the query processing. The extremely high computation cost will prevent the query from being answered in real
time.
The R-PNN query is challenging due to three reasons. First,
we consider the relationship between trajectories and data
points (i.e., the minimum distance between a trajectory and
a data point) in this query. To acquire the minimum distance between trajectory τ and data point o, every sample
point in τ should be considered. This is more complex than
the relationship considered in the Reverse Nearest Neighbor (RNN) search (i.e., the minimum distance between two
diﬀerent data points), which is the main reason why the existing techniques of RNN search [10, 15, 21, 11, 16, 20, 23,
19] are not suitable for our work. Second, in R-PNN, the
query input is a list of location candidates, not a single point
(e.g., [10, 21, 11, 15, 16, 19]). Conventional single point
query models lack eﬀective pruning techniques to address
our problem eﬃciently (e.g., given m query locations, the
query should be performed m times to ﬁnd the most accessible locations). Third, in this work, the objects’ movement
is constrained in road networks, rather than a free space
(e.g., [10, 21, 11, 16, 19, 4]). The optimization techniques
in the free space may fail to solve the problem in spatial
networks since the bounds proposed in the free space is not
always valid in spatial networks.
To overcome the challenges and process the R-PNN query
eﬃciently, an eﬀective trajectory data pre-processing technique is conducted in the ﬁrst place. By extending the con-

ventional k-medoids object clustering method in spatial networks [22], we can cluster the trajectory data into several
groups based on their distribution. This technique has two
notable beneﬁts to our work. First, it can help us tighten the
search range during the query processing. Second, it allows
the use of a divide-and-conquer strategy to further enhance
the performance of R-PNN query. The eﬀect of the proposed
trajectory clustering method is demonstrated by extensive
experiments on real data-sets. Based on the grouped trajectory data, a novel two-phase algorithm is proposed. First,
we specify a tight search range over the trajectory and location data-sets, since reﬁning every trajectory in the data-set
will lead to intolerable computational cost. Here, the network expansion method [6] and branch-and-bound strategy
are adopted. In this phase, most of the trajectories and
query locations can be pruned safely. The eﬃciency study
reveals that our approach deﬁnes the minimum search area.
Second, we propose a series of optimization techniques to
support the searching of exact PNNs for trajectories in the
candidate set. By combining the PNN query results, we can
retrieve the location with the highest inﬂuence-factor. The
complexity analysis shows that our solution is optimal in
terms of time cost. To sum up, the major contributions of
this paper are:
• We deﬁne a novel type of query to ﬁnd the Reverse
Path Nearest Neighbor (R-PNN) in road networks. It
provides new features for advanced spatial-temporal
information systems, and beneﬁts users in many popular applications such as urban planning.
• We propose an eﬀective trajectory clustering technique
that can further enhance the R-PNN query eﬃciency.
• We devise a two-phase algorithm to answer the R-PNN
query eﬃciently. The eﬃciency study reveals that our
approach deﬁnes the minimum searching area and the
complexity analysis shows that our solution is optimal
in terms of time cost.
• We conduct extensive experiments on real and synthetic trajectory data to investigate the performance
of the proposed approaches.
The rest of the paper is organized as follows. Section 2
introduces the road networks and trajectories used in this
paper as well as problem deﬁnitions. The R-PNN query
processing is described in Section 3, which is followed by the
experimental results in Section 4. This paper is concluded
in Section 6 after discussions on related work in Section 5.

2. PRELIMINARIES
2.1 Road Networks
In this work, road networks are modeled as connected and
undirected planar graphs G(V, E), where V is the set of
vertices and E is the set of edges. A weight can be assigned
to each edge to represent its length or application speciﬁc
factors such as traveling time obtained from historical traﬃc
data [7]. Given two locations a and b in road networks, the
network distance between them is the length of their shortest
network path (i.e., a sequence of edges linking a and b where
the accumulated weight is minimal). The data points are

distributed along roads and if a data point is not located at
a road intersection, we treat the data point as a vertex and
further divide the edge that it lies on into two edges. Thus,
we assume that all data points are in vertices for the sake of
clarity.

2.2 Trajectory
The raw trajectory samples obtained from GPS devices are
typically of the form of (longitude, latitude, time − stamp).
How to map the (longitude, latitude) pair onto the digital
map of a given road network is an interesting research problem itself but outside the scope of this paper. We assume
that all sample points have already been aligned to the vertices on the road network by some map-matching algorithms
[1, 3, 8, 17] and between two adjacent sample points a and
b, the moving objects always follow the shortest path connecting a and b. As the trajectory’s time-stamp attribute
is not related to our work, we deﬁne the trajectory in the
following format.
Deﬁnition: Trajectory
A trajectory of a moving object τ in road network G is a
ﬁnite sequence of positions: τ = {p1 , p2 , ..., pn }, where pi is
the sample point in G, for i = 1, 2, .., n.


2.3 Problem Definition
Given any two locations a and b in a road network, the shortest network path between them is denoted as SP (a, b) and
the length of SP (a, b) is denoted as sd(a, b). Given a trajectory τ and a data point o in a road network, the minimum
distance dM (o, τ ) between data point o and trajectory τ is
deﬁned as
dM (o, τ ) = min {sd(o, vi )},
vi ∈τ

(1)

where vi is the vertex belonging to τ .
Deﬁnition: Path Nearest Neighbor (PNN)
Given a trajectory τ and a set of data points O, the Path
Nearest Neighbor (PNN) of τ is the data point o ∈ O with
the minimum dM (o, τ ). That is, dM (o, τ ) ≤ dM (o′ , τ ), ∀o′ ∈
{O − o}.

Deﬁnition: Reverse Path Nearest Neighbor (R-PNN)
Query
Given a trajectory set T and a data point set O, if o ∈ O is
the Path Nearest Neighbor of k trajectories τ1 , τ2 , ..., τk ∈ T ,
the inﬂuence-factor of o is k (o.if = k). Reverse Path Nearest Neighbor Query ﬁnds the data point o ∈ O with the
highest inﬂuence-factor. That is, o.if ≥ o′ .if, ∀o′ ∈ {O − o}.


3. QUERY PROCESSING
Intuitively, the Reverse Path Nearest Neighbor (R-PNN)
query can be solved by searching the exact PNNs for all
trajectories in the data-set and combining the search results to ﬁnd the location with the highest inﬂuence-factor
(i.e., the most accessible location). It is not practical since
every trajectory in the data-set should be processed during the query processing, resulting in intolerable computation cost. To overcome this challenge and solve the R-PNN
query eﬃciently, we conduct an eﬀective trajectory data preprocessing technique (k-medoids trajectory cluster) in the

ﬁrst place (Section 3.1). Then, based on the grouped trajectory data, a two-phase solution is proposed. In the ﬁrst
phase, we specify a tight searching range over trajectory and
location data-sets (Section 3.2). The eﬃciency study reveals
that our approach employs the minimum search area (Section 3.3). The second phase introduces the searching process
for the most accessible location, with the support of a series
of optimization techniques (Section 3.4). The complexity
analysis shows that our solution is optimal in terms of time
cost (Section 3.5).

3.1

Trajectory Data Pre-Processing

To enhance the performance of R-PNN query processing,
an eﬀective trajectory data pre-processing technique is conducted in the ﬁrst place. Given a trajectory data-set T ,
the proposed data pre-processing procedure takes two steps. First, according to the k-medoids clustering method, the
trajectory data-set is divided into k clusters. For each trajectory cluster Ci , i ∈ [1, k], the corresponding medoid mi
is recorded. Second, we compute and record the minimum
network distance between mi and every trajectory τ ∈ Ci
and other related information. This technique has two major contributions: (i) it can help us tighten the searching
range during the query processing; (ii) it allows the use of
a divide-and-conquer strategy to further enhance the query
eﬃciency.
k-medoids trajectory clustering method is adopted in the
ﬁrst step. It is an extension of the conventional k-medoids
clustering algorithm in spatial networks [22]. Initially, we
randomly select k vertices from the road network as the
medoids. How to select a suitable value of k will be discussed in Section 3.3. Then, each trajectory is assigned to
the cluster corresponding to the nearest medoid reachable
from it. If trajectories in the same cluster are close to the
medoid, the clustering is eﬀective. Remark. In the following search (Section 3.2), we use dM (mi , τ ) and sd(mi , o) to
estimate the minimum distance between data point o ∈ O
and τ . Based on our observation, small values of dM (mi , τ )
will lead to small gaps between the upper and lower bounds of dM (o, τ ), and enhance the pruning eﬀectiveness. For
this reason, an evaluation function (Equation 2) is applied
to evaluate the quality of the partition.
R((Ci , mi ) : i ∈ [1, k]) =

k ∑
∑

dM (mi , τ )

(2)

i=1 τ ∈Ci

Here, mi is the medoid of cluster Ci for i ∈ [1, k]. The lower
the value of R, the better the partition. After evaluation, a
medoid will be replaced by a new vertex from the road network and trajectories will be assigned to the clusters based
on new medoids. If the R value of the new partition is less
than the old one, the change will be committed. Otherwise,
the change will be rolled back and a new medoid replacement will be attempted. This process terminates when no
replacements can lead to a better result and the corresponding clusters and medoids are recorded.
In the second step, for each cluster Ci , we compute and
record the values of dM (mi , τ ), the minimum network distance between mi and each trajectory τ ∈ Ci , and other useful information to enhance the performance of the following
R-PNN query processing. dM (mi , τ ) can be computed by
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Consequently, an upper bound of the minimum distance
dM (o, τ ) between data point o and trajectory τ is given by
dM (o, τ ).ub = dM (mi , τ ) + sd(o, mi )
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In the following paragraphs, we introduce our method of
estimating dM (o, τ ).lb. Obviously, P (o, v1 , v2 , mi ) is a path
connecting data point o and medoid mi . According to the
deﬁnition of the shortest path, it is easy to ﬁnd that
d(o, v1 , v2 , mi ) = sd(o, v1 )+d(v1 , v2 )+sd(v2 , mi ) ≥ sd(o, mi )
⇒ dM (o, τ ) ≥ sd(o, mi ) − dM (mi , τ ) − d(v1 , v2 )

Figure 2: Identifying Candidates

applying Dijkstra’s expansion [6]. By expanding a browsing
wavefront from mi according to the Dijkstra’s algorithm,
the ﬁrst vertex v ∈ τ touched by the wavefront is just the
closest vertex to mi in τ . That is, sd(mi , v) = dM (mi , τ ),
where v ∈ τ . v is also recorded as the closest vertex to mi in
τ . Since this searching process has already been conducted
in the trajectory clustering phase, the values of dM (mi , τ )
can be easily obtained from the searching results of the
ﬁrst step. In addition, we compute and record the value of
max{d(τ.s, v), d(v, τ.t)} for vertex v and the corresponding
trajectory τ , where τ.s and τ.t are the source and destination of trajectory τ respectively and d(τ.s, v) is the network
distance between τ.s and v along the trajectory τ (not shortest path distance). The value of max{d(τ.s, v), d(v, τ.t)} will
be used to deﬁne the lower bound of dM (o, τ ), o ∈ O, in the
following search.

3.2 Identifying Candidates

Given a set of trajectory clusters Ci , i ∈ [1, k] and a set
of data points (location candidates) O, we try to specify a
tight searching range based on a series of ﬁlter and reﬁnement techniques. In our approach, we estimate the minimum network distance dM (o, τ ) between data point o and
trajectory τ by a pair of lower bound dM (o, τ ).lb and upper
bound dM (o, τ ).ub based on the triangle inequality of shortest paths. The triangle inequality in road networks can be
represented as:
{
sd(v1 , v2 ) + sd(v1 , v3 ) ≥ sd(v2 , v3 )
sd(v1 , v2 ) − sd(v1 , v3 ) ≤ sd(v2 , v3 )
where sd(v1 , v2 ) indicates the shortest path distance between
two vertices v1 and v2 .
Consider the schematic example demonstrated in Figure 2.
Vertex mi is a medoid of trajectory cluster Ci and τ is a trajectory in the same cluster. v1 , v2 , v3 , v4 are vertices belonging to trajectory τ , and o, o1 , o2 are data points. Suppose
v1 , v2 and v4 are the closest vertex in τ to o, mi and o1 respectively. According to the triangle inequality introduced
above, we have
{
sd(o, mi ) + sd(mi , v2 ) ≥ sd(o, v2 )
sd(o, v2 ) ≥ dM (o, τ ) = sd(o, v1 )
⇒ dM (mi , τ ) + sd(o, mi ) ≥ dM (o, τ )

Then, we can use the value of max{d(s, v2 ), d(v2 , t)} (precomputed in Section 3.1) to replace d(v1 , v2 ) and get
{
dM (o, τ ) ≥ sd(o, mi ) − dM (mi , τ ) − d(v1 , v2 )
max{d(s, v2 ), d(v2 , t)} ≥ d(v1 , v2 )
⇒ dM (o, τ ) ≥ sd(o, mi )−dM (mi , τ )−max{d(s, v2 ), d(v2 , t)}
Therefore, the lower bound of dM (o, τ ) is described by the
following equation.
dM (o, τ ).lb = sd(o, mi ) − dM (mi , τ ) − max{d(s, v2 ), d(v2 , t)}
(4)
By comparing dM (o, τ ).ub and dM (o, τ ).lb, we can ﬁnd that
the gap between them are mainly aﬀected by the value of
dM (mi , τ ).
dM (o, τ ).ub−dM (o, τ ).lb = 2dM (mi , τ )+max{d(s, v2 ), d(v2 , t)}
This observation shows that lower values of dM (mi , τ ) may
lead to tighter lower/bound gaps, and enhance the pruning
eﬀectiveness and justiﬁes conducting trajectory data clustering in the ﬁrst place.
Remark. The value of dM (mi , τ ) − sd(o, mi ) is not suitable to be used as the lower bound of dM (o, τ ). According
to the triangle inequality, it is easy to ﬁnd that sd(o, v1 ) ≥
sd(v1 , mi ) − sd(o, mi ). Since v2 is the closest vertex to mi
in τ , we have sd(v1 , mi ) ≥ sd(v2 , mi ). Thus, we can use
sd(v2 , mi ) to replace sd(v1 , mi ) and get sd(o, v1 ) ≥ sd(v2 , mi )−
sd(o, mi ). That is, dM (o, τ ) ≥ dM (mi , τ ) − sd(o, mi ). However, for any data points o1 , o2 ∈ O, the value of dM (mi , τ )−
sd(o1 , mi ) is always less than dM (o2 , τ ).ub = dM (mi , τ ) +
sd(o2 , mi ). Thus, dM (mi , τ ) − sd(o, mi ) cannot be used as
the lower bound of dM (o, τ ).
Now we need to identify a data point candidate set τ.CS
for each trajectory τ ∈ T based on the upper and lower
bounds introduced above. Only data points in the candidate set may turn out to be the PNN of the corresponding
trajectory. For the same trajectory, any data point whose
lower bound is greater than any other data point’s upper
bound will be pruned. For trajectory τ ∈ Ci , if the shortest
path distance from medoid mi to o is known, the candidature of o can be determined (since the values of dM (mi , τ )
and max{d(s, v2 ), d(v2 , t)} are acquired in the trajectory data pre-processing phase). Here, Dijkstra’s expansion [6] is
adopted to select the data point candidates. From each
medoid mi , i ∈ [1, k], a browsing wavefront is expanded
in Dijkstra’s algorithm. Conceptually, the browsed region is
restricted within a circle as shown in Figure 2 where the radius is the shortest network distance from the medoid to the

browsing wavefront, denoted as r. Among all data points scanned by the expansion wave, we deﬁne a global upper
bound τ.ub for trajectory τ as
τ.ub =

min {dM (o, τ ).ub}

∀o∈Os (i)

(5)

where Os (i) is the set of scanned data point (scanned by
the expansion wave from mi ). An example is demonstrated
in Figure 2, where o, o1 ∈ Os (i) and o2 ∈
/ Os (i). The expansion of browsing wavefront stops once r − dM (mi , τ ) −
max{d(s, v2 ), d(v2 , t)} is greater than τ.ub, for every τ ∈ Ci .
It can be proved that all data points outside the browsed
region cannot have shortest network distances to τ less than
τ.ub, and can be pruned safely (e.g., o2 ).
Lemma 1: For any data point o outside the browsed region,
we have dM (o, τ ) > τ.ub and o can be pruned from the data
point candidate set τ.CS safely.
Proof: As shown in Figure 2, since the Dijkstra’s algorithm
always chooses the vertex with the smallest distance label for
expansion, we have sd(o2 , mi ) > r. The browsing wavefront
stops when r − dM (mi , τ ) − max{d(s, v2 ), d(v2 , t)} > τ.ub.
We can use sd(o2 , mi ) to replace r and get dM (o2 , τ ).lb =
sd(o2 , mi )−dM (mi , τ )−max{d(s, v2 ), d(v2 , t)} > τ.ub. Hence,
the data points outside the browsed region can be pruned
from τCS safely.

The data point candidates for trajectory τ ∈ Ci can be
described by the following equation.
τ.CS = {o|sd(o, mi )−dM (mi , τ )−max{d(s, v2 ), d(v2 , t)} ≤ τ.ub}
(6)
Consequently, following the approach introduced above, we
can specify a data point candidate set for every trajectory
τ ∈ T . Next, a backward process is conducted to ﬁnd the
trajectory candidates for every data point o ∈ O (i.e., a data
point o may only turn out to be the PNN of the trajectories
in the candidate set o.CS ). If o ∈ τ.CS , we deﬁne that τ ∈
o.CS . An example of the backward process is demonstrated
by the following equations.

τ1 .CS = {o1 , o2 }






τ2 .CS = {o1 , o2 }





τ3 .CS = {o1 , o2 }
o1 .CS = {τ1 , τ2 , τ3 , τ5 , τ6 }
=⇒ o2 .CS = {τ1 , τ2 , τ3 , τ5 }
τ4 .CS = {o3 }



o .
τ5 .CS = {o1 , o2 }
3 CS = {τ4 , τ7 }





τ
.
=
{o
}
1
 6 CS


τ7 .CS = {o3 }
Assumption 1: The number of trajectories in T is much
greater than the number of data points in O.
In real scenarios, it is impractical for a user to input a large
number (e.g., hundreds) of query locations (data points) before successfully making a query. Therefore, it is reasonable to assume that the size of trajectory database is much
greater than the number of query locations.
Pigeonhole Principle: If n items are put into m pigeonholes with n > m, then at least one pigeonhole must contain
n
⌋ items.
more than ⌊ m

Obviously, the size of o.CS is greater than o.if , and we can
use o.CS .size to estimate the upper bound of o.if . Suppose
T.num is the size of trajectory data-set T and O.num is the
size of data point data-set O. For every data point o whose
T.num
⌋, we have
candidate-set size is less than ⌊ O.
num
{
T.num
o.CS .size ≤ ⌊ O.
⌋
T.num
num
⌋
⇒ o.if ≤ ⌊
O.num
o.if ≤ o.CS .size
According to the Pigeonhole Principle and Assumption 1
introduced above, o must not be the data point with the
highest inﬂuence-factor. And we remove o from τ.CS , τ ∈ T
temporally. Let us review the last example. There are 7
T.num
trajectories in T and 3 data points in O, thus ⌊ O.
⌋ = 2.
num
T.num
Since o3 .CS .size = 2 is no greater than ⌊ O.num ⌋, o3 must not
be the most accessible location and o3 should be removed
from τi .CS , i ∈ [1, 7]. Then, we ﬁnd that the candidate sets
for τ4 and τ7 are empty. That means it is not necessary to
search the exact PNNs for τ4 and τ7 . Therefore, the trajectory whose data point candidate set is empty (τ.CS = ∅)
can be pruned from the trajectory data-set T . The remaining trajectories make up the trajectory candidate set T.CS ,
and the temporally removed data points are restored.
In the ﬁrst searching phase, we specify a tight trajectory
candidate set T.CS from trajectory data-set T . For each
trajectory τ ∈ T.CS , we carefully maintain a data point
candidate set τ.CS , which contains the data points that may
turn out to be the PNN of τ . In the next phase, we will
search the exact PNNs for trajectories in T.CS and retrieve
the data point with the highest inﬂuence-factor.

3.3

Efficiency Study

In this section, we present our approach to selecting a suitable value of k as the number of trajectory clusters (Section
3.1). Our target is to specify the minimum search range
and get the minimum amount of data point candidates,
which can help us further enhance the performance of RPNN query processing. Suppose trajectories are uniformly
distributed in road networks and data points are uniformly
distributed as well. We now analyze the search range (ﬁnding candidates, Section 3.2) by estimating the scanned area
in the ﬁrst searching phase. According to the approaches
introduced in Section 3.2, the total scanned area AS can be
described as
As = kπ(sd(mi , o) + 2dM (mi , τ ) + max{d(τ.s, v), d(v, τ.t)})2
(7)
where mi is the medoid for cluster Ci , i ∈ [1, k], o is the
nearest data point to mi (due to the deﬁnition of τ.ub and
the expansion nature of the Dijkstra’s algorithm) and τ is
the farthest trajectory in Ci to mi (due to the pruning strategy introduced in Lemma 1). Then, we use R to denote
the value of dM (m, τ ), r to denote the value of sd(m, o) and
δ to denote the value of max{d(τ.s, v), d(v, τ.t)}. As can be
expressed as As = kπ(r + 2R + δ)2 . Suppose Area(G) is the
area of the network G(V, E), the value of R and r can be
calculated as follows.
√
Area(G)
Area(G)
2
⇒R=
πR =
k
πk
√
√
Area(G)
Area(G)
r=
−
πk
πO.num

si, sj are selected centers

between min{sd(si , o), sd(o, sj )} and dM (o, τ ).ub is selected
as the upper bound of data point o.
o.ub = min{min{sd(si , o), sd(o, sj )}, dM (o, τ ).ub}

o

rsj

rsi
T

s

si

n

sj

t

o2
o1
Figure 3: Lower bound and Upper bound

Although the exact amount of query points O.num is unavailable to us before the query is performed, we can use
the average value of O.num in the similar queries (or the
average value of the historical queries) to estimate it. Thus,
through substituting R and
√ r into Equation 7, As can be
expressed as As = ak + b k + c, where

√
2


+ Area(G)
− 2δ πArea(G)
a = πδ √
O.num
O.num
Area(G)
√
πArea(G)
−
)
b
=
6
(δ
O.num


c = 9 × Area(G)
)2 , we can get the minimum value of As and
When k = ( −b
2a
the minimum amout of data point candidates.

3.4 Searching the Most Accessible Locations
Now, we have a trajectory candidate set T.CS and a data
point candidate set τ.CS for each trajectory τ ∈ T.CS . In
this section, we present the algorithms to ﬁnd the exact Path
Nearest Neighbor to the trajectory τ ∈ T.CS . By combining
the PNN query results, we can retrieve the data point with
the highest inﬂuence-factor.
Given a trajectory τ ∈ T.CS and a data point set τ.CS , the
Path Nearest Neighbor query processing takes two steps.
1. Further tighten the data point candidate set τ.CS according to the proposed lower/upper bound.
2. Compute the minimum network distance between every candidate o ∈ τ.CS and τ , and then combine the
results to ﬁnd the exact PNN to τ .
Initially, a set of vertices in τ are selected as the expansion
centers such that τ is divided into several path segments. If
the shortest path distances from o to the two ends si and
sj of a path segment P (si , sj ) are known, the candidature
of o can be determined. As the schematic example shown in
Figure 3, the path segment P (si , sj ) is illustrated and n is
a vertex on P (si , sj ). o, o1 and o2 are data points in τ.CS .
An upper bound of the minimum distance from data point
o to P (si , sj ) is given by o.ub = min{sd(si , o), sd(o, sj )}. In
the ﬁrst searching phase (Section 3.2), the value of dM (o, τ )
is estimated by an upper bound dM (o, τ ).ub (Equation 3).
To further tighten the candidate set τ.CS , the minimum one

(8)

In Figure 3, suppose n is the closest vertex to o in (si , sj ).
We estimate the lower bound of o according to the triangle
inequality stated before.
{
sd(o, n) ≥ sd(si , o) − sd(si , n)
sd(o, n) ≥ sd(o, sj ) − sd(n, sj )
sd(si , o) + sd(o, sj ) − sd(si , n) − sd(n, sj )
2
Then, we use d(si , sj ) to denote the path between si and
sj along τ (not necessary a shortest path). Based on the
deﬁnition of shortest path, it is easy to ﬁnd that d(si , sj ) =
d(si , n) + d(n, sj ) is greater than d(si , n) + d(n, sj ). So, we
can use d(si , sj ) to replace d(si , n) + d(n, sj ) in the last equation.
⇒ sd(o, n) ≥

sd(o, n) ≥

sd(si , o) + sd(o, sj ) − d(si , sj )
2
sd(s ,o)+sd(o,sj )−d(si ,sj )

i
Next, we adopt the maximum one between
2
and dM (o, τ ).lb (Equation 4) as the lower bound of o.

sd(si , o) + sd(o, sj ) − d(si , sj )
, dM (o, τ ).lb}
2
(9)
Our objective is to ﬁnd all data points which have lower
bound not more than any other point’s upper bound. From
si , a browsing wavefront is expanded in road networks as
Dijkstra’s algorithm [6] and so does sj . In concept, the
browsed region is round as shown in Figure 3 where the radius is the network distance from the center to the browsing
wavefront, denoted as r. Among all data objects scanned by
the expansion wave, we deﬁne a global upper bound U B as
o.lb = max{

U B = min {o.ub}
o∈Os

∪
where Os is the set of all scanned data objects, Os = λi=1 Oi
and λ is the number of expansion centers. An example is
demonstrated in Figure 3, where o, o2 ∈ Os and o1 ∈
/ Os .
The expansion of browsing wavefront will be stopped once
rsi +rsj −d(si ,sj )
is greater than U B. Given a data point o1
2
outside the browsed region, since the Dijkstra’s algorithm [6]
always chooses the vertex with the smallest distance label
for expansion, we have sd(o1 , si ) > rsi and sd(o1 , sj ) > rsj .
sd(o1 ,si )+sd(o1 ,sj )−d(si ,sj )
> U B and o1 .lb > U B,
Thus,
2
which means that the shortest network distance from o1 to
P (si , sj ) cannot be less than U B, and can be pruned safely.
Consequently, a tighter candidate set τ.CS is created and
the ﬁrst step of the PNN query processing terminated.
In the second step, we compute the minimum distance dM (o, τ )
from each data point o ∈ τ.CS to τ by applying Dijkstra’s
expansion [6]. By expanding a browsing wavefront from
o according to the Dijkstra’s algorithm, the ﬁrst vertex v
touched by the wavefront is just the closest vertex to o in
τ . That is, sd(o, v) = dM (o, τ ). The data point with the
minimum value of dM (o, τ ) is the PNN to trajectory τ .
Finally, we combine the PNN query results for trajectories
in T.CS to retrieve the data point with the highest inﬂuencefactor. It is returned as the most accessible location to users.

3.5 Complexity Analysis

For online processing, the time cost of ﬁnding the optimal
selection of centers by solving the above objective function
may not be practical. Thus, we simplify the objective function (10) by assuming that the gaps between adjacent centers are equal and the vertices in τ are uniformly distributed.
Our aim is changed to ﬁnd the optimal number of centers.
Then, we have
1 τ.l
ω(λ) = λ( π(
+ r)2 ρ) + λ.
4
λ

Trajectory Number
Location Number

BRN
600-1600 (default
1000)
40-120
(default
80)

ORN
100-350 (default
200)
20-60 (default 40)

PNN optimization techniques introduced in Section 3.4, since the time-cost required by the network expansion oﬀsets
the time saved by tightening the candidate set.

4.

EXPERIMENTS

In this section, we conducted extensive experiments on real spatial data-sets to demonstrate the performance of the
proposed R-PNN search. The two data-sets used in our
experiments were Beijing Road Network (BRN) 6 and Oldenburg City Road Network (ORN)7 , which contain 28,342
vertices and 6,105 vertices respectively, stored as adjacency
lists. In BRN, we adopted the real trajectory data collected
by the MOIR project [12]. In ORN, the synthetic trajectory
data were used. All algorithms were implemented in Java
and tested on a Windows platform with Intel Core i5-2410M
Processor (2.30GHz, 3MB L3) and 4GB memory. In our experiments, the networks resided in memory when running
the Dijkstra’s algorithm [6], as the storage memory occupied by BRN/ORN was less than 1MB, which is trivial for
most hand-held devices in nowadays. All experiment results
were averaged over 20 independent tests with diﬀerent query
inputs. The main performance metric was CPU time and
the parameter settings are listed in table 1.
By default, the number of trajectories were 1600 and 200 in
BRN and ORN respectively. In the meantime, the number of
query locations (data points) was set to 80 for BRN, and 40
for ORN. The query locations were randomly selected from
road networks. For the purpose of comparison, an algorithm
based on Path Nearest Neighbor (PNN) query [5] was also
implemented (referred to as R-EPNN). In this algorithm, the
PNN query was conducted to ﬁnd the exact PNN for every
trajectory in the data-set and the most accessible location
was found by combining all the PNN query results.

4.1

Effect of the Trajectory Number T.num
RPNN
R-EPNN

(11)

150

1
600

where τ.l is the length of τ . The λ resulting in the minimum
ω can be retrieved using the derivative of the Function 11
√
πρ(τ.l)2
∂ω
′
ω(λ) =
= 0. ⇒ λ =
.
(12)
∂λ
4 + πρr2

RPNN
R-EPNN
CPU Time(sec) (log scale)

In an extreme case where every vertex in τ is a center, the
candidate set is minimized but the number of centers is maximized. Since the expansions are based on both candidates
and centers, the overall performance may suﬀer, especially
in case of sparse data points. In another extreme case, only
the two ends of P (i.e., source and destination) are selected
as centers (as in [5]). While the number of centers is minimized, the candidate set may be very large. The optimal
selection of centers can be estimated using linear programming. Suppose {s1 = s, s2 .., sn−1 , sn = t} are vertices in τ
in the order from s to t. Let A be a n × n matrix where
aij = 1 if the ith and the j th exits are adjacent centers (i.e.,
there are no exits in between them that are centers) and
aij = 0 otherwise. Our goal is to minimize the objective
function
∑
∑
1
ω=
(aij π(dij + r)2 ρ) +
aij .
(10)
4
∑n
∑n
∑n
subject to i < j, j=1 a0j = 1, i=1 ai0 = 1, j=1 aij ≤ 1,
∑n
∑n
∑n
k=1 aki . ρ is the density
j=1 aij =
i=1 aij ≤ 1, and
of data points and dij is the network distance between the
ith and j th centers along
∑ the 1trajectory 2(not necessarily a
shortest path). We use (a
ij 4 π(dij + r) ρ) to estimate the
∑
number of candidates and
aij to estimate the number of
centers, where
√
Area(G)
r = min{
, dM (o, τ ).ub}
π(τ.CS .size )

Table 1: Parameter setting

CPU Time(sec) (log scale)

Suppose data points are uniformly distributed in spatial networks and the vertices in τ are uniformly distributed as well.
We now analyze the complexity of PNN query processing
by estimating the cost in each step. In the ﬁrst step, the
Dijkstra’s expansion is performed from centers to identify
candidates. In a given network G(V, E), the complexity is
O(λ(V lg(V ) + E)) where λ is the number of centers. The
second step computes the minimum distance between candidates and trajectory τ . The cost is O(µ(V lg(V ) + E)),
where µ is the number of candidates. By combining the two steps, the time complexity of PNN query processing is
O((λ + µ)(V lg(V ) + E)). Clearly, the number of centers and
the number of candidates determine the overall time cost of
PNN query processing.
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Trajectory Number
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Figure 4: Eﬀect of the trajectory number
Note that if the value of ω(λ) is greater than τ.CS .size (τ.CS
is achieved in Section 3.2), it is not necessary to conduct the
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First of all, we investigated the eﬀect of the trajectory number on the performance of R-PNN and R-EPNN with the
default settings. Figure 4 shows the performance of R-PNN
and R-EPNN when the number of trajectories varies. Intuitively, a larger trajectory data-set causes more trajectories to be processed during the query processing, and the
CPU time is expected to be higher for both R-PNN and REPNN. However, the CPU time of R-EPNN increased much
faster than R-PNN for two reasons. Firstly, every trajectory
in the data-set should be addressed by an individual PNN
query in R-EPNN and its query time increases linearly with
the number of trajectories. In the meantime, in R-PNN, a
tight trajectory candidate-set is speciﬁed, and larger values
T.num
⌋ can further enhance the pruning eﬀect when iof ⌊ O.
num
dentifying candidates. The second reason is due to the much
larger number of candidates (data objects to be checked)
when using bi-direction network expansion method in the
original PNN query [5]. For instance, when T.num is equal
to 1600 and 350 in Figure 4(a) and Figure 4(b) respectively, R-PNN outperforms R-EPNN by almost three orders of
magnitude. Note that this result demonstrates the importance of smart selection of trajectory candidates in the ﬁrst
search phase and the necessity of PNN query optimization
in the second phase.
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Figure 6: Eﬀect of trajectory clustering

4.2 Effect of the Query Location Number O.num
trajectory clustering technique respectively. When the technique was not in use, the centroid of the whole trajectory
data-set was used in the network expansion. In Figure 6, it
is clear that the performance was accelerated by 2-4 times
with the help of trajectory cluster.
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Figure 5: Eﬀect of the query location number
In Figure 5, the experiment results demonstrate the eﬀect
of the query location number O.num on the performance of
R-PNN and R-EPNN. Intuitively, a larger number of query
locations may lead to higher time cost in the query processing for both R-PNN and R-EPNN. In Figure 5(a) 5(b), the
CPU time of R-EPNN increased linearly with the number
of query locations. For R-PNN, a larger O.num value will
T.num
result in the decrease of ⌊ O.
⌋ (T.num is ﬁxed), and thus
num
weakens the pruning eﬀect in the ﬁrst search phase. Consequently, in both Figure 5(a) and Figure 5(b), the CPU
times of R-PNN increased slowly with the query location
number. Nevertheless, the CPU time required by EPNN
was two orders of magnitude higher than that of R-PNN.

Effect of PNN Optimization Techniques

Figure 7(a) and Figure 7(b) demonstrate the eﬀect of PNN
optimization techniques (Section 3.4) on the candidate ratio
with diﬀerent levels of data density. In our experiments,
data points were uniformly generated on the networks with
densities from 5% to 25%.
O.num
Density of data points =
(13)
V.num
Candidate Ratio =

CS.size
O.num

(14)

where O is the data point set, V is the vertex set in the
network and CS is the data point candidate set speciﬁed
by the PNN query. A lower candidate ratio means a higher
pruning eﬀect.
Intuitively, the higher the density of data points, the smaller
the required search range. In Figure 7(a) and Figure 7(b),
the candidate ratio decreased while the density increased for
both optimized PNN and original PNN [5]. Obviously, in
both BRN and ORN, our optimized PNN employed a much
higher pruning eﬀect and the corresponding candidate ratio
was only 1/2 to 1/3 of the original PNN.

4.3 Effect of Trajectory Clustering
This experiment investigated the eﬀect of trajectory clustering (Section 3.1) on the performance of R-PNN. This preprocessing technique is used to further enhance the R-PNN
query eﬃciency: (1) it can tighten the search range during
the query processing; (2) it allows the use of a divide-andconquer strategy. R-PNN was run with and without the

We also tested the eﬀect of PNN optimization techniques
on the performance of R-PNN. The optimized PNN can
avoid processing a large number of data point candidates
and improve the performance notably. We run R-PNN with
and without the PNN optimization techniques respectively.
When the optimized PNN was not in use, the original PNN
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Figure 7: Eﬀect of PNN optimization techniques
[5] was conducted instead. In Figures 7(c) 7(d) 7(e) 7(f),
among all four sub-ﬁgures, it is easy to ﬁnd that without
the optimized PNN, the corresponding CPU times increased
dramatically. By contrast, the CPU time of R-PNN with the
optimized PNN only increased slightly.

Second, in R-PNN, the query input is a set of location candidates, not a single point. Third, the movement of moving
objects is constrained in spatial networks, rather than the
free space (e.g., Euclidean space).

The concept of RNN query was ﬁrst proposed in [10] by
Korn et al. Their idea is to pre-compute the distance between each data point o and its nearest site p. Thus, each
o ∈ O corresponds to a circle, whose center is the data point
o and whose radius is dist(o, p). Given a query point q, its
RNN is just the points that contains q in its circle. Similar approaches were adopted in [21] and [11]. In some of
the following studies [15, 16, 19], pre-computation is not a
necessary part in the RNN query processing and a similar
mechanism is shared by the proposed techniques. First, the
space that cannot contain any RNN is pruned. Second, the
candidates are identiﬁed as the data points lie within the
remaining space. Third, a range query is conducted for each
candidate to check whether the query point is its NN or not.

Path Nearest Neighbor (PNN) is ﬁrst proposed as Inroute Nearest Neighbor (IRNN) [14, 24], which is designed
for users that drive along a ﬁxed path routinely. As this
kind of drivers would like to follow their preferred routes,
IRNN queries are proposed for ﬁnding the nearest neighbor with the minimum detour distance from the ﬁxed route,
based on the assumption that a commuter will return to the
route after visiting the nearest facility (e.g., petrol station,
bank, post oﬃce, etc.) and will continue the journey along
the previous route. Recently, k-PNN proposed by Chen et
al. in [5] is an extension of the IRNN query. k-PNN can
eﬃciently monitor the k nearest neighbors to a continuously
changing shortest path, and the user only needs to input the
destination rather than exactly the whole query path. The
models of IRNN and k-PNN are both based on the same assumption that the user prefers to follow their previous route
with the minimal detour distance. In IRNN query and PNN query, solutions based on R-tree and network expansion
are adopted respectively. As an intuitive extension of the
conventional PNN query, Shang et al. [13] proposed the
best point detour (BPD) query, which aims to identify the
point detour with the minimum detour cost. Furthermore,
they investigated the continuous-BPD query in the scenario
where the path continuously changes when a user is moving
to the destination.

However, all of these techniques fail to address the R-PNN
problem due to three reasons. First, in R-PNN query, we
consider the relationship between trajectories and locations (data points), rather than points and points (e.g., [23]).

In this paper, we proposed and investigated a novel Reverse
Path Nearest Neighbor (R-PNN) query to ﬁnd the most ac-

5. RELATED WORK
Reverse Nearest Neighbor (RNN) problems have been
extensively studied in the last two decades [21, 11, 16, 19,
15, 9, 10, 20, 18, 2, 4, 23]. Let O and Q be two data-sets in
the same space. Given a query point q ∈ Q, a RNN query
ﬁnds all the data points o ∈ O whose nearest neighbors (NN)
in Q are q. This means that there does not exist any other
point q ′ ∈ Q such that dist(o, q ′ ) < dist(o, q).

6.

CONCLUSION

cessible location in road networks. This type of queries can
be found in many important applications such as urban planning, facility allocation, traﬃc monitoring, location based
services, etc. To address the R-PNN query eﬃciently, a trajectory clustering technique is employed initially. Based on
the grouped trajectory data, a two-phase algorithm is proposed. In the ﬁrst phase, our approach can specify the minimum search range when identifying the trajectory/datapoint candidates. In the second phase, our PNN optimization technique is optimal in time cost as shown by the complexity analysis. Extensive experiments were also conducted
to demonstrate the near optimal query performance of the
proposed R-PNN query.
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