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Supporting Pattern Matching Queries
over Trajectories on Road Networks

Gook-Pil Roh, Jong-Won Roh, Seung-Won Hwang, and Byoung-Kee Yi

Abstract—With the advent of ubiquitous computing, we can easily collect large scale trajectory data, say, from moving vehicles. This
paper studies pattern matching problems for trajectory data over road networks, which complements existing efforts focusing on (a) a
spatio-temporal window query for location-based service or (b) Euclidean space with no restriction. In contrast, we first identify some
desirable properties for pattern matching queries to the road network trajectories. As the existing work does not fully satisfy these
properties, we develop (1) trajectory representation and (2) distance metric that satisfy all the desirable properties we identified. Based
on this representation and metric, we develop efficient algorithms for three types of pattern matching queries— whole, subpattern, and
reverse subpattern matching. We analytically validate the correctness of our algorithms and also empirically validate their scalability

over large-scale, real-life and synthetic trajectory datasets.

Index Terms—Trajectory, road network, pattern matching query

1 INTRODUCTION

WITH the advent of ubiquitous computing, we can
easily acquire the locations of moving objects, e.g.,
vehicle locations from global positioning system (GPS).
Querying over the paths of such objects, or trajectories,
has thus gained attention lately. However, most of the
previous research efforts focus on efficiently evaluating
the spatio-temporal query, such as supporting range and
K nearest neighbor (KNN) queries, from the given query
point, for location-based services (e.g., [1]). In [2], many
index structures are surveyed for efficient query process-
ing on the spatio-temporal database.

In addition, prior work typically assumes objects
can move anywhere and considers Euclidean space as
search space. However, in many real-life applications,
the movements are often constrained by obstacles such
as buildings or trees. To reflect such constraints in query
processing, recent work [3], [4], [5] studied moving
objects with constraints on movement.

In this paper, we aim at supporting effective queries
over trajectories, overcoming these two limitations of
prior research identified above. First, we support new
types of queries that search for matching trajectory pat-
terns in a database. While such pattern matching queries
have been successfully adopted for querying time series
data, our work, to the best of our knowledge, is the first
to support pattern matching queries over trajectory data.
Second, we focus on moving objects with constraints
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on their movements. In particular, we deal with the
trajectories of vehicles or mobile users on the road. Such
moving objects can move only along the roads, thus their
trajectories are constrained by the road network. Such a
trajectory is known as the network trajectory.

Toward the goal, we first identify five desirable prop-
erties that have not been fully satisfied by any of the
prior work:

R1: Road network. As we assume that the moving object
moves only along the road, the moving object should
not be located off the road, (see Fig. 1a), and such off-
road locations should not affect measuring the distance
between trajectories.

R2: Spatial proximity. The distance measure between
trajectories should reflect the spatial proximity from the
viewpoint of the road network. For instance, in Fig 1b,
the proximity between B and C shares more road seg-
ments than A and C, which has to be reflected to the
distance measure.

R3: Sampling rate / speed invariant. Due to the differ-
ence in sampling rates or speeds, two objects moving
along the same route could be represented by two dif-
ferent trajectories (see A and B in Fig. 1c). Even when
the two objects have the same sampling rates and move
along the same route, if the sampling is not synchro-
nized, their trajectories can still differ (see C and D in
Fig. 1c). The distance measure should not be affected by
when or how often the locations are sampled.

R4: Robust to noise. Due to measurement errors or
communication failures, trajectories may contain noises,
as illustrated in Fig. 1d. If a distance measure is sensitive
to noise, it cannot reflect the similarity between B and C,
and may report A is closer to C. To avoid the problem,
the distance measure should be robust to noise, in order
to identify an unusual movement as noise and eliminate
it in similarity computation.

R5: Metric. In general, it is desirable for distance mea-
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Fig. 1. lllustration of desirable properties identified

sures to be metric, because irrelevant objects can be
pruned out with no false dismissal leveraging existing
index structures. However, this property is not required
but rather recommended, as non-metric measures can
achieve the same advantages, if appropriate indexing
schemes can be developed [6].

Based on the above requirements, we propose a de-
sirable trajectory representation and distance metric that
satisfy all requirements. In particular, we consider three
types of matching queries, which we illustrate with
examples below.

Whole pattern matching: Whole pattern matching cap-
tures the global similarity between two trajectories and
compares them in their entireties without ignoring any
part of them. Consider two example trajectories in Fig. 2.
Suppose trajectory 17 represents a commute from work
to home of some user U;. He can then query with T to
retrieve other trajectories sharing similar road segments,
e.g., T» to carpool with.

Subpattern matching: Subpattern matching on the other
hand considers the query trajectory as whole and some
interesting parts of database trajectories that best match
the query trajectory and ignores the rest of them. To
illustrate, suppose there is a road construction plan, say
S3 in Fig. 2. Then, the drivers who may be affected by the
construction are those whose commute routes contain S5
as a subpattern, which is 75 in this particular case.
Reverse subpattern matching: Alternatively, the sub-
pattern matching problem can be reversed. Suppose we
consider a plan for a new bus route. Revese subpattern
matching can be useful to find the drivers who may use
the bus instead of driving to commute. For example, if
T in Fig. 2 is the new bus route, then S; and S, are the
candidates.

In summary, our contributions are as follows: (a)
pattern matching over trajectories in road networks;
(b) identification of desirable properties; (c) a trajectory
representation and similarity measure that satisfy the
properties; (d) efficient algorithms for whole, subpattern,
and reverse subpattern matchings; and (e) validation of
the quality and efficiency of the proposed methods using
both synthetic and real datasets.
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Fig. 2. lllustration of three patten matching types

The rest of the paper is organized as follows. Section 2
presents the prior research work. We propose trajectory
representation in Section 3 and distance measure in
Section 4. Section 5 describes our matching algorithms.
Section 6 reports our experimental results. Section 7
concludes the paper.

2 RELATED WORK AND BACKGROUND

In this section, we survey prior research efforts on (a)
querying trajectories and (b) modeling trajectories and
their similarity. We also present some background infor-
mation necessary for the proposed methods.

Queries: There have been prior research efforts for
querying trajectories constrained by networks [3], [4],
[5], [7]. A data model of network-constrained moving
objects has been proposed in [8], followed by many index
structures proposed to efficiently perform the spatio-
temporal window query (3D interval) in [3], [4], [5]. Lin
et al. [9] and Frentzos et al. [10] proposed a similarity
search of moving object trajectories, which is similar to
our whole pattern matching query. In a clear contrast,
this paper focuses on whole, subpattern, and reverse
subpattern matching queries, of which the last two types
of queries have never been studied before for trajectory
data.

Trajectory representation and similarity: Next, we sur-
vey prior work on the trajectory and similarity mod-
eling, which we categorize into two categories— the
sequence based [11], [12], [13], [14], [15], [16], [17] and
the shape-based similarity measures [9], [18], [19], [20].
The sequence-based similarity measures build upon tra-
jectories represented as a sequence of points in two or
three dimensional space, comparing how closely the
two sequences align with each other. In contrast, shape-
based similarity measures build upon trajectories as a
set of points or line segments and they are thus not
sensitive to the order of points or segments. We stress
that, while these measures do not consider the road
network, our work, for the first time to the best of our
knowledge, supports pattern matching queries for the
network-constrained trajectories.

We summarize the fulfillment of requirements for the
existing distance measures in Table 1. The symbols ‘O,
‘X', and A mean ‘satisfy’, ‘not satisfy’, and ‘partially
satisfy” respectively.
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TABLE 1
Summary of previous research

Requirements R1| R2| R3| R4| R5

LCSS [12],EDR [13] X[ Al X]JTO[X

Sequence ERP [14] X|O| X |X]|O

FLOCK [15],CONVOY [16] | X | X | X | X | X

TS2 [17] X|Aa|Aa|X|O

Hausdorff (Lee et al. [18]) XA X[ X]O

Shape Frechet [19] X|O| X | X|O

p normalization [20] X| A | O| X | X

Lin et al. [9] X | X X 1O X

3 TRAJECTORY REPRESENTATION

In this paper, we propose to represent a trajectory as a
sequence of road segments in a road network. We define
a road segment as its starting and ending positions and
require it not to intersect with any other segment. (Note
that this requirement is not restrictive, since a crossing
segment pair can be alternatively represented as four
non-intersecting segments.) We also require a trajectory
to be connected in that the ending point of a segment
should be the starting point of the next segment in the
sequence. With this representation, we can represent the
restriction of road networks and the spatial proximity
of road segments, without being affected by different
sampling rates of moving objects.

Trajectories of raw data from positioning devices such
as GPS consist of quadruplets (z,y,p,v), where z and
y are 2D location points, while p and v are the time
stamp and the velocity respectively. Most of the prior
researches take the raw data “as is” as input, which
cannot represent the restrictions of the underlying road
networks.

In contrast, our proposed trajectory representation
uses a sequence of road segments, which requires a
pre-processing phase to transform the raw data into a
connected sequence of road segments. One alternative
is to adopt map-matching algorithms for this process,
especially an incremental map-matching algorithm [21]
devised for fast map-matching. However, this algorithm
requires the connectivity information, such as an ad-
jacency matrix, of the entire road networks, let alone
the need to tune five parameters used for scoring. In
contrast, we devise a memory-efficient scheme, requiring
to maintain only the vicinity area (which is less than
0.01% of the entire network in our evaluations).

To devise an efficient mapping, there are two chal-
lenges: First, for each 2D point, we need to find the road
segment it belongs to. Second, in case two consecutive
road segments are not connected, which can happen due
to the error of the GPS device or infrequent sampling,
we need to connect the two, to satisfy our assumption.

For the first challenge, we adopt R-tree [22] to index
all the road segments of the given road network. This
approach is similar to the method that employs the R-
tree index to find the road segment that covers a query
point in [23]. Each road segment is transformed to the
Minimum Bounding Rectangle (MBR) whose diagonal

Fig. 3. Example of vicinity circle/graph

is the straight line, connecting 7;, and ;. of road
segment, and sides are parallel to the coordinate axes.
Once these MBRs are inserted into the R-tree, the nearest
road segment for the given 2D point can be identified by
simply performing a nearest neighbor search on the R-
tree.

For the second challenge of connecting two discon-
nected consecutive road segments, when the ending point
of one segment does not match the starting point of the
next, we use the shortest path approach that recovers
the missing path by finding the shortest path between
the ending position and the starting position of the two
segments. This approach is based on an assumption that
a moving object insists on taking the shortest path to
reach its destination. For this solution, we can employ
one of the heuristic algorithms listed in [24], adopting
existing shortest path algorithms on large-scale real road
networks.

However, running a shortest path algorithm, such as
Dijkstra’s, for the entire road network incurs prohibitive
cost, ie., O(n?), where n is the number of nodes in
the graph representing the road network. Considering
there are usually millions of nodes in the road network,
we need to restrict the search space. More specifically,
we restrict our search to road segments in the “vicinity
circle” of the disconnected road segments. To ensure
correctness, we generate a vicinity graph G that includes
all road segments on the shortest path.

To generate a vicinity graph G, for the given discon-
nected road segments r; and r;y1, we find a vicinity
circle, centered at the ending position of the preceding
road segment, i.e. ; .. Fig. 3 illustrates the vicinity circle
of the disconnected road segment r; and 7,11 with its
radius s = Vmar X (ts(riz1) — ts(r;)) where vyq, is the
maximum speed of the moving object and ¢s(r;) is the
time stamp of sample point which is transformed to 7;.
If r; includes multiple sample points, we take the last
one. Note that, this circular region covers the maximum
driving distance a moving object can travel along the
roads from 7; to r;y;. All the road segments contained by
the vicinity circle are retrieved (e.g., the road segments in
dark in Fig. 3) and then inserted into the vicinity graph
G.

Once the vicinity graph is identified, we run a shortest
path algorithm to find the shortest path segments from
rie to 7i41. In the case r;y; is disconnected from r; o,
it is not clear which endpoint is the starting point. In
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such a case, we should identify the shortest path from
the single source point to both endpoints of 711, ie.,
“one-to-some” shortest path. For such a case, we choose
the Dijkstra’s approximate bucket implementation [25],
which was empirically validated in [26] to perform well
for one-to-some shortest path problem.

To eliminate noise caused by measurement errors,
we reasonably assume that noise does not occur in %
consecutive road segments, possibly with the help of
error correction technology of GPS devices. (k is an
application dependent parameter.) With this assumption,
we calculate the vicinity area until we find the road
segment which is intersected by the vicinity area in %
consecutive road segments from r;. If r;y) is the road
segment that is first intersected by the vicinity area, we
drop the road segments from ;41 t0 7i4p—1.

4 DISTANCE MEASURE

In this section, we present a novel distance mea-
sure between two trajectories. In particular, we extend
the intuition of Hausdorff distance to our trajectory
representation— Informally, the Hausdorff distance be-
tween two sequences of segments, is the longest distance
an adversary can force you to travel from one segment
to another. More specifically, we first determine how
to measure distance between two road segments. Using
this measure, we then define the distance measure for
trajectories.

First, we define the distance d(r;, r;) between two road
segments r; and r;, based on which we will define the
distance between the trajectories later on. The distance
between road segments is defined as follows:

Definition 1 (Road segment distance):

d(ri,rj) zmax{?(ri,rj),g)(rj,m)}, 1)

where 7(7@, r;) is a one-way road segment distance from
r; to r; which is defined below.

Definition 2 (one-way road segment distance):

} » (@)
where ||a, b]| is the Euclidean distance between a and b.
The road segment distance is the longest of two possible
one-way distances to travel from one segment to the
other.

One may argue that ||a, b|| should be the shortest path
distance between a and b, to satisfy the R1 property.
Such an alternative, however, incurs prohibitive compu-
tational cost, because we have to search a large portion
of the road network if a and b are road segments located
far from each other. Therefore, the shortest path distance
is practically infeasible for comparing trajectories.

Based on the road segment distance above, we now

move on to define the distance measure between two
trajectories.

min {[|75,, 75| 17,65 756 13 5

min {|[7ie, 75,5, 765 75e 1}

N
d(ri,ry) = max{

.............

Fig. 4. Meaning of proposed distance measure

Definition 3 (Trajectory distance): Given two trajectories
T, = lai,...,a,) and Ty, = [b1,...,by], the distance
between them is defined as follows:

D(T,,Tp) = max {B(Ta,Tb), B(Tb,Ta)}, 3)

where 3(Ta, Ty) is one-way trajectory distance from T,
to 1.

Definition 4 (One-way trajectory distance): Given two
trajectories T, = [a1,...,ay,] and T} = [b1,...,by], the
one-way trajectory distance is defined by

—
D(T,,Ty) = max min d(a;,b;) 4)

a;€Ta b €Ty

Similar to Hausdorff distance, our distance measure
can be explained as the longest path from each road
segment to its closest road segment in another trajec-
tory. To illustrate, consider two trajectories of moving
objects A and B in Fig. 4. The two trajectories share the
same movement up to the point where A keeps moving
straight while B makes a right turn. That is, the distance
between A and B is 0, until the two objects take different
paths, when the distance to travel for A to reach B, or
vice versa, is either the distance of A making a U-turn
to B, as represented as a dashed line in the figure, or B
making a U-turn to A. As the former distance is longer,
we use the length of the dashed line as the distance
between two trajectories.

Next, we argue how our proposed representation and
distance metric fulfill the properties identified in Sec-
tion 1. First, our trajectory representation as a sequence
of connected road segments, satisfies the three require-
ments R1, R2, and R3- Our representation considers the
restriction of road networks and the spatial proximity
of the segments, and it is not affected by the different
sampling rates of the objects. Second, we argue how our
proposed distance measure also satisfies R4 and R5.

While our distance itself does directly satisfy R4 prop-
erty, we achieve it by means of the robust trajectory rep-
resentation as described in the previous section. Lastly,
we show that our distance measure is a metric, which
ensures efficient query processing using an index struc-
ture, as we will later discuss.

Theorem 1: The trajectory distance is a metric.

Proof: The reflexivity and symmetry directly follow
from Eq. 3 and 4. To prove the triangle inequality,
we first define e-neighborhood road segments of tra-
jectory T, denoted by N.(T,), as follows: N.(T,) =
{r € R|d(r,a;) <e€,1<i<n}.Then,
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D(T,,T.) = inf {e > 0|T, € N.(T.)}
—inf {6 + 8'|Ty C Nyyor(T2)}
<inf {6 + &'|T, € N5(Tp) and Ty © Ny (T2)}
< inf {8|T, C Ns(Ty)} + inf {&'|T) © N5(T,)}
= D(T,,Ty) + D(Tp, Te).

— —

Similarly, D (T, T,) < D(Th, Ta) + D(Te, T). 0

5 PATTERN MATCHING QUERIES

Given a query trajectory, we support three types of
pattern matching: whole, subpattern, and reverse sub-
pattern matching, for finding “similar” trajectories to a
query trajectory in the database. However, as illustrated
in Section 1, for each type of matching, the definition
of “similar” trajectory varies. First, in whole pattern
matching, the query trajectory is typically of similar
length to the trajectories in the database and the query
retrieves the result trajectories that are globally similar
to the query trajectory. Second, in subpattern matching,
the query trajectory is typically much shorter than the
trajectories in the database and the query retrieves the
results containing some subpatterns that are similar to
the query pattern. Lastly, in reverse subpattern matching,
the query is typically much longer than the trajectories
in the database and the query retrieves the trajectories
in the database that match a certain part of the query
pattern.

For whole pattern matching, we can simply employ
the range and KNN search algorithm of M-tree [27]
without any modification, as our distance measure is
metric (Theorem 1). However, for subpattern matchings,
we only need to consider some part of a database
trajectory that matches the query the best and quantifies
the (dis)similarity. Let 7, and T be the query and a
databas_e} trajectory respectively. Then, the one-way dis-
tance, D (Ty,T'), perfectly captures such a notion, which
is only affected by the nearest road segment of 1" from
each road segment of T,. Similarly, it can also be used
for reverse subpattern matching but in the opposite
direction, i.e. B(T, T,), by identifying the closest query
segment to trajectory data.

For efficient processing of pattern matching queries,
we devise pruning rules, for which we introduce some
additional notations. For a nonleaf node O of M-tree, let
rp(O) denote its representative and c¢r(O) be the covering
radius that is the distance between rp(O) and the farthest
object from it in the subtree rooted by O. Then we have
the following theorems, one for each type of pattern
matching, that follow directly from the fact that both the
one-way and two-way distance measures satisfy triangle
inequality and that ¢r(O) is the maximum (two-way)
distance from O to any objects within the subtree.

Theorem 2 (Pruning condition for whole patterns): Given
a query trajectory 7, and a threshold ¢, no trajectory T°
in O satisfies D(T,,T) < ¢, if D(T,,rp(0O)) > cr(O) + «.

Theorem 3 (Pruning condition for subpatterns): Given a
query trajector_y T, and a thrishold €, no trajectory T’
in O satisfies D(Ty,T) <, if D(T,,rp(0)) > cr(O) +e.

Theorem 4 (Pruning condition for reverse subpatterns):
given a query trajectory 7, and a threshold e, if
R(TP(O),TQ) > ¢r(O) + ¢, no trajectory T in O satisfies
D(T,T,) <e.

6 EXPERIMENTAL RESULTS

In this section, we report the results of experiments
conducted to verify the effectiveness and efficiency of
our proposed framework. We begin by describing ex-
perimental settings. We used real trajectory data [28] to
show the quality of the matching trajectories. There are
213 trajectories, each of which is a sequence of positions
received by GPS in the Cook and Dupage county of
Illinois. Additionally, small random noises were added
to the original data to demonstrate the robustness of
the proposed measure. We observe that there are three
“ground truth” groups in the real trajectory data and
the distance between inter-group members are larger
than the distance between intra-group members. These
trajectories were then transformed to sequences of road
segments based on the method described in Section 3,
with length ranging from 8 to 742. We obtained the
road network data of the two counties in a TIGER/LINE
format from the U.S. Census Bureau [29] consisting of
201,540 road segments in the road network. All experi-
ments were conducted on a machine with a Pentium-4
CPU (3.2GHz) and 1 GBytes of main memory, running a
version of the Linux operating system. We implemented
the range and KNN search algorithms for each pattern
matching query on top of the M-tree.

We now move on to discuss the result of three pattern
matching queries. In the dataset, we observed that 93
trajectories share similar patterns, of which we randomly
picked one as a query trajectory for both whole and
reverse subpattern matching. It consists of 444 road
segments, of which we also randomly extracted 49 con-
secutive road segments as a query trajectory for the
subpattern matching.

Using the query trajectores from above, we performed
all three types of pattern matchings and visualize the
results in the order of similarity to the query for each
type of matching. In Fig. a thick pattern indicates a
query trajectory and a thin pattern indicates a matching
trajectory. From the whole pattern matching results, we
can observe that the top 93 results are the trajectories
that either exactly match the entire query or the majority
of road segments. The results ranked 81th and 87th
share the majority of road segments of the query, with
minor deviations in the middle. Recall that, there exist
three ground-truth clusters in the real-life set. The top
93 results belong to one such cluster (travelling across
counties), and the 96th and 97th results represent the
other two clusters (travelling within a county), respec-
tively. Because of this clustered nature, top 93 results are
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Fig. 5. Visualization of trajectories for each pattern matching
TABLE 2 o
Quality comparison with other measures g 2 linear scan — sub ==
E g reverse sub =3 whole ==
s 05
Groups Num. of Correctly Classified Trajectories (Recall %) g 2
(# of EDR [13] | ERP [14] | OHD [9] Proposed g 2 03
tGj) (96) 70 (73%) | 70 (73%) | 87 (90%) 96 (100%) g 2 0
G2 (29) 42 (17%) | 8 (33%) | 3 (13%) 24 (100%) *
G3 (93) || 49 (53%) | 60 (65%) | 67 (72%) 93 (100%) 100K 500K M

highly similar to the query, while the similarity of lower
ranked results deviate rather dramatically.

Top results from subpattern matching include longer
trajectories that subsume the query pattern. Note that
as this query pattern is a part of the query used for
the whole pattern matching, most of them overlap with
those from the whole matching. We thus highlight only
the trajectories that do not overlap in Fig. 5, such as the
trajectories with rank 9, 29, and 44 in the figure.

Lastly, in reverse subpattern matching, top results in-
clude the exact match and short trajectories subsumed by
the query trajectory. The top-most trajectory is the query
trajectory itself, as the query trajectory was selected from
the trajectory database. In Fig. 5, we highlight the results
that do not overlap with other query results.

Summing up, we can observe from the result trajec-
tories of the three queries in Fig. 5 that the proposed
distance metric well reflects the semantics of each pattern
matching query.

We now move on to discuss the effectiveness of our
distance measure comparing with other measures using
real-life road network trajectories [28]. As trajectories
in this set clearly fall into three groups, we use such
groups as “ground truth” results and compare the recall
of all metrics in Table 2. Specifically, for each group of
size m, we select one trajectory in the group as query
and compare the top-m results from each metric. When
using our metric, we identify all trajectories in the group
and nothing else (i.e., perfect precision/recall), while the
recall of other metric varies from 17% to 90%.

We also empirically study whether our proposed met-
ric is in any way redundant to existing metrics, by
comparing the rank correlations between measures using
widely-adopted Kendall’s tau coefficient [30]. Specifi-
cally, using one trajectory from each group as a query,
we rank the whole trajectories by similarity and measure

Cardinality cardinality

(a) Average response time (b) Distance computations

Fig. 6. Performance of pattern matching queries

the rank similarities. If our proposed metric correlates
perfectly with the existing metric, Kendall’s tau coeffi-
cient is 1, suggesting our metric would be redundant.
Meanwhile, such coefficient ranges were rather low, from
—0.004 (in EDR) to 0.44 (in OHD).

We next turn to the performance aspects of the pro-
posed method. One key performance parameter in the
use of M-tree in our framework is the node size- as the
page size increases, the number of I/O decreases and
the performance thus improves up to a certain point,
but as the CPU cost increases over a larger page size, the
performance eventually starts to worsen after a trade-off
point. To find it, we conducted additional experiments
in which we observed that the performance significantly
improves when the page size increases from 4 to 32
Kbytes, but plateaus after 32. We thus set the node size
as 32 Kbytes in all subsequent experiments.

Next, we also validated the scalability of the proposed
method over a synthetic trajectory datasets, which are
generated by the network-based data generator in [31],
in various experimental settings, varying the retrieval
size, the length of the trajectory and the cardinality of the
database. Naturally, the performance of our proposed
method depends on the cost for searching M-tree, as
we adopt search methods of M-tree for efficient query
processing. We therefore briefly discuss the scalability
of the proposed method compared with the linear scan.
Our proposed method consistently outperforms the lin-
ear scan in all three types of matching queries. The
speedup of our proposed method is up to 69, 5.2, 14.6
over the linear scan in the whole, subpattern, and reverse
subpattern matching respectively.

Finally, to demonstrate the pruning effect of Theo-
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rem 2, 3, and 4, we report the distance computation
ratio per trajectory in Fig. 6. The ratio of the number of
distance computation required by our proposed frame-
work to that of linear scan is 0.2, 0.23, and 0.27 for
the whole, subpattern and reverse subpattern matching
respectively. Note that the ratio is the lowest for the
whole pattern matching, as its pruning condition using
the two-way distance is relatively stricter compared to
the other matchings using only the one-way distance.

7 CONCLUSION

In this paper, we study how to support pattern matching
queries for trajectories constrained by road networks.
Toward this goal, we first investigate the requirements
for the trajectory representation and distance measure
for our target problem. As none of the existing work
fully satisfies the requirements identified, we then devise
the trajectory representation and the distance measure,
which fulfill all the requirements.

More specifically, we study the three pattern match-
ing queries (whole, subpattern, and reverse subpattern
matching) to search for similar trajectories to the given
query trajectory. Though the notion of similarity varies
across different types of queries, we proposed a uni-
fied framework efficiently supporting range and KNN
queries for all three types of matching based on M-tree
and pruning rules. We validated the quality of results
by visualizing the results for different types of queries
over real-life road network trajectories. Comparison with
other distance measures showed that the proposed dis-
tance measure is more appropriate for road network
trajectories.

There are also opportunities for future research. One
opportunity is to study a specialized index structure
for the reverse subpattern matching, which is inherently
more complex compared to other matchings, as our M-
tree based framework, though achieving the speed up
of 14.6 over the baseline approach, still incurs high
computational cost.
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