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Abstract With the increasing availability of moving-

object tracking data, trajectory search and matching is

increasingly important. We propose and investigate a

novel problem called Personalized Trajectory Matching

(PTM). In contrast to conventional trajectory similar-

ity search by spatial distance only, PTM takes into ac-

count the significance of each sample point in a query

trajectory. A PTM query takes a trajectory with user

specified weights for each sample point in the trajec-

tory as its argument. It returns the trajectory in an

argument data set with the highest similarity to the

query trajectory. We believe that this type of query
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may bring significant benefits to users in many pop-

ular applications such as route planning, carpooling,

friend recommendation, traffic analysis, urban comput-

ing, and location based services in general.

PTM query processing faces two challeges: how to

prune the search space during the query processing and

how to schedule multiple so-called expansion centers ef-

fectively. To address these challenges, a novel two-phase

search algorithm is proposed that carefully selects a set

of expansion centers from the query trajectory and ex-

ploits upper and lower bounds to prune the search s-

pace in the spatial and temporal domains. An efficien-

cy study reveals that the algorithm explores the mini-

mum search space in both domains. Second, a heuristic

search strategy based on priority ranking is developed

to schedule the multiple expansion centers, which can
further prune the search space and enhance the query

efficiency. The performance of the PTM query is stud-

ied in extensive experiments based on real and synthetic

trajectory data sets.

Keywords Personalized Trajectory Matching, Ef-

ficiency, Optimization, Spatial Networks, Spatio-

Temporal Databases

1 Introduction

The continuous proliferation of mobile devices and the

rapid development of positioning services such as G-

PS [31] enable people to log their current geograph-

ic locations and share their trajectories by means of

services such as Bikely1, GPS-Way-points2, Share-My-

1 http://www.bikely.com/
2 http://www.gps-waypoints.net/
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Fig. 1 An Example of Personalized Trajectory Matching in Spatial Networks

Routes3, Microsoft GeoLife4 [32]. Also, more and more

social networking web sites, including Twitter5, Four-

square6, and Facebook7 support the sharing of trajecto-

ries. The availability of massive trajectory data enables

novel mobile applications. Such applications may utilize

trajectory search and matching, which find trajectories

that are similar in some specific sense to the query in-

put (usually a trajectory). This type of query can bene-

fit many services, including route planning, carpooling,

friend recommendation, traffic analysis, urban comput-

ing and location based services in general. For example,

tourists can check the travel histories of other tourists

to improve their own travel; commuters can find car-

pooling partners; location based social networks can i-

dentify users with similar travel routes and recommend

them as friends.

In most of existing studies (e.g., [1,6,7,11,17,18,30]),

the query is specified in spatial terms only, which means

that only spatial similarity is considered in trajectory

matching. However, in real application scenarios, e.g.,

in recommender systems, spatial similarity is insuffi-

cient to evaluate the relationship between two different

trajectories, due to the particular preference of users.

Given a query trajectory q, existing studies treat every
sample point o ∈ q equally, no matter whether it is a

petrol station, a transfer center, or a sightseeing loca-

tion. As a result, a tourist service may recommend a

travel route that misses intended sightseeing locations

to a tourist; or a service may recommend an unsuit-

able carpooling partner (e.g., whose travel route does

not pass by intended places) to a commuter. Although

the recommended trajectories may be spatially simi-

lar to the query trajectory, it is possible that the users

may not be fully satisfied with the recommendations,

as their key preferences are not fulfilled.

Taking into account the weaknesses of existing tra-

jectory matching approaches, we propose and inves-

tigate a novel problem named Personalized Trajecto-

ry Matching (PTM). On top of the conventional tra-

3 http://www.sharemyroutes.com/
4 http://research.microsoft.com/en-us/projects/geolife/
5 http://twitter.com/
6 http://foursquare.com/
7 http://www.facebook.com/

jectory search based on spatial similarity only (e.g.,

[1, 6, 7, 11, 17, 18, 29, 30]), the PTM query also takes in-

to account the significance of each sample point o in a

query trajectory q. Initially, the system may assign a

default weight to each sample point o ∈ q to describe

its significance; users are then allowed to adjust the

weights according to their preference. As an example,

when tourists search for travel routes or commuters seek

carpooling opportunities, the weights of some places

(e.g., sightseeing locations, transfer centers) should be

higher than those of other sample points. To the best

of our knowledge, this is the first work that investi-

gates this more general trajectory matching problem in

spatial networks while taking the significance of tra-

jectory sample points into account. Previous studies

(e.g., [25, 26]) have simply assumed trajectories of e-

qual length (i.e., the same number of sample points)

and assigned equal significance to each sample point.

In contrast, we treat each trajectory as a sequence of

weighted sample points with arbitrary length.

An example is demonstrated in Figure 1, where τ1 is

the query trajectory (q = τ1), while τ2 and τ3 are trajec-

tories in data set T . At query time, the system assigns

a default weight to each sample point o ∈ τ1. Further,

o1, o2, o3, and o4 are the intended places specified by the

user, and their weights are set to higher values than the

default weight. During query processing, if only spatial

similarity is considered, trajectory τ3 will be returned,

as it is closer and more similar to the query than τ2.

However, the user is unlikely to be satisfied with this

result since τ3 only contains one of the intended places

and is not close to the others. Our approach takes into

account the significance of each sample point o ∈ τ1,

and τ2 is a much better candidate for the query trajec-

tory τ1. Although τ2 is not as good as τ3 according to

spatial similarity, it passes through or is close to all the

intended places.

The proposed PTM query is applied in spatial net-

works, since in a large number of practical scenarios,

objects move in such networks (e.g., roads, railways,

rivers) rather than in a Euclidean space. A trajectory

is a sequence of timestamped sample points of a mov-

ing object. We assume that all sample points have al-

ready been aligned to the vertices in the correspond-
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ing spatial network (spatial domain) according to some

map-matching methods (e.g., [2, 3, 14, 20, 28]) and that

between two adjacent sample points a and b, a moving

object always follows the shortest path connecting a

and b. The timestamps of all trajectory sample points

are mapped onto a time axis within the range of 24

hours (temporal domain). A straightforward approach

to solving the PTM problem is called balanced search.

At query time, each sample point o ∈ q is considered as

a query source (expansion center). The balanced search

is conducted in the spatial and temporal domains con-

currently and asks for the trajectories similar to the

query trajectory q in the two domains. By combining

the two domains’ search results, the trajectory with the

highest similarity to q can be derived. The main draw-

back of balanced search is search space overlap. Given

two adjacent sample points (usually close to each other)

that are both selected as query sources, their search s-

paces may overlap substantially. The trajectories in the

overlapping region will be read and processed repeat-

edly, which yields unnecessarily poor performance. In

addition, this approach lacks of an effective scheduling

strategy for the multiple query sources with differen-

t weights, again leading to poor performance. To the

best of our knowledge, there is no existing approach

that can address PTM problem efficiently.

To improve on balanced search, a novel two-phase

search algorithm is proposed. First, we carefully select

a set of sample points O from the query trajectory q as

query sources (expansion centers) and develop upper

and lower bounds on the spatio-temporal similarity to

q to constrain the search space in both domains. An ef-

ficiency study reveals that our method defines the mini-

mum search space during the query processing. Second,

a heuristic search strategy based on priority ranking is

developed to schedule the multiple query sources effec-

tively. Conceptually, we establish and maintain a dy-

namic priority ranking heap during the query process-

ing. At each time, we only search the top-ranked query

source until a new top-ranked query source appears.

Compared to balanced search, the two-phase search al-

gorithm has two major advantages: (i) it minimizes the

search space in both the spatial and the temporal do-

mains, and it avoids devoting unnecessary search efforts

to overlapping regions; (ii) the effective heuristic search

strategy focuses on trajectories more likely to be the op-

timal choice and further enhances the query efficiency.

To sum up, the main contributions are as follows:

– We define a novel trajectory matching query accord-

ing to proposed trajectory similarity metrics. It pro-

vides new spatio-temporal features and holds the

potential to benefit many popular mobile applica-

tions such as route planning, carpooling, and friend

recommendation.

– We propose new metrics to evaluate trajectory sim-

ilarity in the spatial and temporal domains.

– We develop an adaptive, two-phase search algorith-

m to compute the PTM query efficiently, with the

support of upper and lower bounds and a heuristic

scheduling strategy based on priority ranking. An

efficiency study reveals that our solution defines the

minimum search space during query processing.

– We conduct extensive experiments on real and syn-

thetic trajectory data to investigate the performance

of the proposed algorithms.

The rest of the paper is organized as follows. Sec-

tion 2 presents related work and Section 3 introduces

spatial networks, trajectories, and the spatio-temporal

similarity metrics used in the paper and also gives the

problem definition. A baseline method is introduced in

Section 4, and the PTM query processing is detailed in

Section 5. This paper is concluded in Section 7 after

discussions on experimental results in Section 6.

2 Related Work

2.1 Trajectory Similarity Search

The problem of trajectory similarity search (e.g., [1, 4,

5,10,12,30,33]) has been studied extensively in the last

two decades. The query processing involves two steps in

general. First, a similarity function is defined based on

the distances between the trajectory points that rep-

resent trajectories. Second, an algorithm is proposed

to query a large trajectory data set. Several types of
trajectory similarity functions have been proposed that

target different applications, including Euclidean Dis-

tance [1], Dynamic Time Warping [30], Longest Com-

mon Subsequence [27], Edit Distance [8], Edit Distance

with Real Penalty [6], and Edit Distance on Real Se-

quences [7]. Techniques for time series data similari-

ty/approximation evaluation are also studied by Morse

and Patel [21] and Skerkat and Rafiei [23].

On top of the conventional trajectory search based

on spatial similarity only (e.g., [1, 6, 7, 11, 17, 18, 30]),

Personalized Trajectory Matching (PTM) takes into ac-

count the significance of each sample point o in the

query trajectory q. To the best of our knowledge, this

is the first work that investigates this more general tra-

jectory matching problem in spatial networks. Previous

studies (e.g., [25,26]) have simply assumed trajectories

of equal length (i.e., the same number of sample points)

and also given equal significance to all sample points.

We treat each trajectory as a sequence of weighted sam-

ple points with arbitrary length.
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For query processing, most of the existing works

(e.g., [1, 6–8, 11, 17, 18, 24, 30]) are conducted in Eu-

clidean space, and a spatial index (e.g., an R-tree [15]) is

adopted to accelerate the query processing. In our work,

object movement is constrained by a spatial network.

The optimization techniques from Euclidean space are

in general insufficient for solving the problem in spatial

networks since the bounds proposed in Euclidean spaces

are not always valid or appropriate in spatial network-

s. This is the main reason that the network expansion

approach [9] is adopted in our work.

2.2 Searching Trajectories by Locations

The concept of searching trajectories by locations was

first proposed by Chen et al. [8], in which context the

query is a set of user specified query locations (e.g.,

sightseeing locations), while the result is the top-k tra-

jectories that connect or are close to the query locations

according to specific metrics. This type of query target-

s many important applications such as route planning

and recommendation. However, it considers the spatial

domain only (Euclidean space). Then Shang et al. [22]

observe that the spatial similarity itself is not sufficien-

t to capture the relationship between trajectories and

query locations due to the more specific preferences of

users. They thus propose a novel spatial-keyword prob-

lem, called user oriented trajectory search. Given a tra-

jectory data set, the query input contains a set of query

locations and a set of textual attributes describing the

user’s preferences. If a trajectory connects or is close to

the specified query locations (spatial domain) and the

textual attributes of the trajectory are similar to the

user’s preferences (textual domain), it is recommended

to the user for reference.

The main difference between user oriented trajec-

tory search (UOTS) [22] and personalized trajectory

matching (PTM) is six fold. (i) Query type: the UOT-

S query is a spatial-keyword query that is conducted in

spatial and textual domains, while the PTM query is

a spatio-temporal query that is conducted in spatial

and temporal domains. (ii) Query input: the UOTS

query input is a set of query locations with equal signif-

icance in the spatial domain and a query point in the

textual domain (i.e., by using TF-IDF method, a set

of keywords represented as a high-dimensional vector),

while the PTM query input is a user-specified trajecto-

ry, where sample points have different weights based on

the user’s preferences. In the spatial domain, it is a se-

quence of trajectory samples with different weights; and

in the temporal domain, it is a sequence of timestamps

with different weights. (iii) Similarity function: the

similarity function used for the UOTS query evaluates

the spatial-textual relevance in the spatial and textual

domains. In the spatial domain, it measures the sim-

ilarity between a set of query locations and a trajec-

tory; and in the textual domain, it computes the Jac-

card distance between two high dimensional vectors.

The similarity function of the PTM query evaluates the

spatio-temporal relevance between two different trajec-

tories with arbitrary lengths in the spatial and tempo-

ral domains. (The paper also studies the performance

of PTM query processing based on different trajecto-

ry similarity functions.) (iv) Data model and algo-

rithm structure: the textual domain of UOTS is a

high dimensional space, and its query input is a sin-

gle point; in contrast, the temporal domain of PTM is

one-dimensional, and its query input is a sequence of

time points. Due to these differences (high-dimensional

versus one-dimensional space, and single query point

versus a sequence of time points), PTM and UOTS call

for different algorithms. In UOTS, the textual similar-

ity search is single source nearest neighbor search in

a high-dimensional space, which is indexed using the

iDistance method [16]. In PTM, we conduct a multiple

sources similarity search in the temporal domain while

considering the sequence and significance of each query

source. (v) Optimization techniques: due to the dif-

ferent query inputs and similarity functions, PTM need-

s specific optimization techniques, including upper and

lower bounds (Equations 7–11), query source sampling

method (Equations 12–19), and heuristic functions (E-

quations 20–22). Also, query source sampling is used in

PTM query processing. In the UOTS query, the number

of query locations is usually small, and thus each query

location can be regarded as a query source. When com-

puting the PTM query, we carefully select a set of query

sources from all trajectory sample points to reduce the

search space overlap. (vi) Experimental trajectory

data sets: different trajectory data sets are used. In

the UOTS query, the trajectories contain spatial and

textual attributes. In the PTM query, the trajectories

contain spatial and temporal attributes. Due to these

six differences, the PTM query is a new problem, and

the solution to UOTS does not work for the PTM prob-

lem.

3 Preliminaries

3.1 Spatial Networks

A spatial network is modeled by a connected and undi-

rected graph G(V,E), where V is a set of vertices and

E is a set of edges. A vertex vi ∈ V indicates a road

intersection or an end of a road. An edge e ∈ E is
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defined as a pair of vertices and represents a segmen-

t connecting the two constituent vertices. For example,

edge e = {vi, vj} represents a road segment that enables

travel between vertices vi and vj . A weight can be as-

signed to each edge to represent length or application

specific factors such as travel time obtained by mining

the historic traffic data [13]. Given two locations a and

b in a spatial network, the network distance between

them is the length of the shortest network path between

them (i.e., a sequence of edges linking a and b where the

accumulated weight is minimal). When weights model

aspects such as travel time, the lower bound of network

distance is not necessarily the corresponding Euclidean

distance; thus, spatial indexes such as the R-tree [15]

are not effective. To enhance the efficiency of the PTM

query processing, we assume that all-pair shortest path

distances have been pre-computed by Dijkstra’s algo-

rithm [9]. The time complexity of this pre-computing

process is O(V 2lg(V )+V E), and the corresponding re-

quirements (time and the maximum required memory

space) are covered in Section 6.

3.2 Trajectory

Raw trajectory samples obtained from GPS devices are

typically of the form of 〈longitude, latitude, timestamp〉.
How to map such a sample onto a given spatial net-

work is a research problem in its own right. We assume

that all trajectory sample points have already been map

matched onto the vertices of the spatial network by

some map-matching algorithm (e.g., [2, 3, 14, 20, 28]),

and that between two adjacent sample points a and b,

the object movement always follows the shortest path

connecting a and b. The spatio-temporal attributes of

a trajectory are defined as follows:

Definition: Data trajectory

A data trajectory is a finite, time-ordered sequence 〈v1,
v2, ..., vn〉, where vi = (pi, ti), with pi being a sample

point (at a vertex) in G and ti being a timestamp.

Definition: Query trajectory

A query trajectory is a weighted data trajectory where

each sample point has a weight: vi = (pi, ti, wi).

The value of a timestamp is set to be within the

range of 24-hours, and the date is not taken into con-

sideration. This setting is justified by two observations.

In many practical scenarios like urban transportation,

most peoples’ movements recur on a daily basis. In addi-

tion, users of trajectory matching very often plan their

routes on a 24-hour basis.

3.3 Trajectory Matching Functions

Given any two spatial points (without timestamps) a

and b in a spatial network, the network shortest path

between them is denoted as SP (a, b), and its length is

denoted as sd(a, b). Given a trajectory τ and a spa-

tial point o in a spatial network, the minimum distance

dM (o, τ) between spatial point o and trajectory τ is

defined as

dM (o, τ) = min
vi∈τ
{sd(o, vi.p)}, (1)

where vi is a sample point belonging to τ .

Given two timestamped trajectory sample points

v1 ∈ τ1 and v2 ∈ τ2, the spatial influence factor Is(v1, v2)

and temporal influence factor It(v1, v2) between v1 and

v2 are defined as

Is(v1, v2) =

{
0 if sd(v1.p, v2.p) > εs
e−sd(v1.p,v2.p) otherwise

(2)

It(v1, v2) =

{
0 if |v1.t− v2.t| > εt
e−|v1.t−v2.t| otherwise

(3)

Here εs and εt are spatial and temporal matching thresh-

olds, respectively. If the distance between v1 and v2 ex-

ceeds the threshold, the influence factor between them

is set to 0. The values of Is(v1, v2) and It(v1, v2) are in

range [0, 1].

Given a query trajectory q = 〈o1, o2, ..., om〉 and a

data trajectory τ = 〈v1, v2, ..., vn〉, the spatial Ssim(q, τ)

and temporal Tsim(q, τ) similarity between them are

defined by the following equations.

Ssim(q, τ) = max


q.head.w · Is(q.head, τ.head)

+Ssim(q.tail, τ)

Ssim(q, τ.tail)

(4)

Tsim(q, τ) = max


q.head.w · It(q.head, τ.head)

+Tsim(q.tail, τ)

Tsim(q, τ.tail)

(5)

Here ∗.head is the first sample point of ∗, (e.g., q.head =

o1 and τ.head = v1) and ∗.tail is the trajectory ob-

tained by removing the head from ∗. (e.g., q.tail =

〈o2, o3, ..., om〉 and τ.tail = 〈v2, v3, ..., vn〉). The weight

of sample point q.v is denoted as q.v.w. These functions

extend the well known Longest Common Subsequence

(LCSS) [27] by taking the sequence and significance of

each sample point o ∈ q into account.

The values of the spatial similarity Ssim(q, τ) and

the temporal similarity Tsim(q, τ) are both within the

range of

[0,
∑

1≤i≤m

q.oi.w],
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where m is the number of sample points in q. By com-

bining Equations 4 and 5, the spatio-temporal similar-

ity between q and τ is defined as

STsim(q, τ) = λ · Ssim(q, τ) + (1− λ) · Tsim(q, τ), (6)

where parameter λ ∈ [0, 1] is used to adjust the rela-

tive importance of the spatial and temporal similarity

terms. Note that in our setting, we allow users to adjust

the parameter λ at the query time.

3.4 Problem Definition

Given a data trajectory set T , a query trajectory q

with weighted sample points, the Personalized Trajec-

tory Matching (PTM) query finds the trajectory τ ∈
T with the maximum value of STsim(q, τ), such that

∀τ ′ ∈ T \ {τ}(STsim(q, τ) ≥ STsim(q, τ ′)).

4 Baseline Method

In this section, we introduce balanced search as a s-

traightforward baseline approach to Personalized Tra-

jectory Matching. Given a trajectory data set T and a

query trajectory q with user specified weights for each

sample point o ∈ q, the balanced search method in-

cludes two steps: first, we explore the spatial and tem-

poral domains concurrently and ask for trajectories sim-

ilar to the query trajectory q in each domain; second, by

integrating the results from two domains, the trajectory

with the highest similarity to q is found.

4.1 Basic Idea

Consider an example in Figure 2. Trajectory τ1 is the

query trajectory, and τ2 and τ3 are data trajectories.

Trajectory τ1 is a sequence of 7 timestamped and weight-

ed sample points oi of the form 〈pi, ti, wi〉. Points {p1, p2,
..., p6} ∈ τ2 are the closest samples to {o1.p, o2.p, ..., o7.p},
respectively. Point p7 ∈ τ3 is the closest sample to o2.p.

To browse the spatial network and find the trajectories

similar to the query trajectory (i.e., with higher values

of Ssim(q, τ), refer to Equation 4), Dijkstra’s expan-

sion [9] is adopted. From each sample point oi.p ∈ τ1,

network expansion is performed using Dijkstra’s algo-

rithm, and the expansion speeds from different sample

points are the same. Conceptually, the explored space

is a circular region as shown in Figure 2, where the

radius is the shortest network distance from the expan-

sion center oi.p to the expansion boundary, denoted as

rsi, i ∈ [1, 7]. According to Dijkstra’s algorithm (Dijk-

stra’s algorithm always selects the vertex with the min-

imum distance label for expansion), if p ∈ τ is the first

sample point touched by the expansion from oi.p, p is

just the closest sample point to oi.p (i.e., dM (oi.p, τ) =

sd(oi.p, p)). For instance, p1 ∈ τ2 is the closest sample

point to o1.p, thus dM (o1.p, τ2) = sd(o1.p, p1). Once

a data trajectory has been touched by the expansion-

s from all the sample points oi.p ∈ τ1, such as τ2 in

Figure 2, we compute its spatial similarity to the query

trajectory q based on Equation 4 (we have indexed the

all-pairs shortest paths in Section 3.1) and this type of

trajectory (e.g., τ2) is marked as a “fully touched tra-

jectory” in the spatial domain. Other trajectories such

as τ3 are marked as a “partly touched trajectory,” and

trajectories such as τ4 are marked as an “untouched

trajectory” in the spatial domain.

In the temporal domain, the timestamps of trajec-

tory sample points {v.t | v ∈ τ ∧τ ∈ T ∪{q}} have been

mapped onto a time axis. In Figure 2, oi.t is the times-

tamp of sample point oi. To find the trajectories similar

to the query trajectory τ1 in the temporal domain (i.e.,

with higher values of Tsim(q, τ), refer to Equation 5),

we browse the time axis by expanding the search from

each oi.t, i ∈ [1, 7] at the same speed. The browsed re-

gion of oi.t is the range [oi.t−rti, oi.t+rti], where rti is

the temporal radius of the search. The search radius rti
is increased by one second (the minimum scale of the

time axis) at each time, step by step, to form a larger

scanned range until the targets are found. In the tem-

poral domain, trajectories are also classified into three

categories: fully, partly, and untouched trajectories. If a

trajectory τ has been fully touched by the searches from

the timestamps of all sample points, its temporal sim-

ilarity Tsim(q, τ) can be computed based on Equation

5 and such trajectories are marked as a “fully scanned

trajectory” in the temporal domain. Once a trajectory τ
has been fully touched in both the spatial and the tem-

poral domains, by combining the values of Ssim(q, τ)

and Tsim(q, τ) based on Equation 6, its spatio-temporal

similarity STsim(q, τ) can be derived.

4.2 Lower Bound of STsim(q, τ)

To constrain the search space in both the spatial and

the temporal domains, a pair of lower and upper bounds

of the spatio-temporal similarity STsim(q, τ) (Equation

6) are designed8. If the upper bound of a trajectory τ

is less than the lower bound of any other trajectories, τ

cannot be the trajectory with the highest similarity to

the query trajectory and can be pruned safely. Among

8 In the following computation, we only consider the situ-
ations where for all oi ∈ q, rsi < εs and rti < εt. If rsi ≥ εs
(or rti ≥ εt), according to the definition of influence factor
(Equations 2 and 3), for data point v outside the browsed
region, we have Is(v, oi) = 0 (or It(v, oi) = 0).
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Fig. 2 An Example of Balanced Search

all trajectories fully scanned in the two domains, we

define a global lower bound LB as

LB = max
∀τ∈Tf

{STsim(q, τ)}, (7)

where Tf is the set of trajectories that have been fully

touched in both domains. Intuitively, LB is a dynamic

value and is continuously updated during the search

process.

4.3 Upper Bound of STsim(q, τ)

We proceed to introduce our approach to estimating the

upper bound of STsim(q, τ), where τ is a data trajec-

tory that has not been fully touched in both domains.

In the spatial domain, since Dijkstra’s algorithm always

selects the vertex with the minimum distance for expan-

sion, if τ has not been touched by the expansion from

oi.p, we have dM (oi.p, τ) > rsi. The radius rsi is the

network distance of the current expansion from center

oi.p (e.g., dM (o1.p, τ3) > rs1 and dM (o3.p, τ4) > rs3).

Thus, for any sample point v ∈ τ , we have

sd(v.p, oi.p) ≥ dM (oi.p, τ) > rsi

⇒ e−sd(v.p, oi.p) < e−rsi

⇒ Is(v, oi) < e−rsi

Refer to Equation 4 and let q.head = oi and τ.head = v.

If the value of sd(v.p, oi.p) cannot be obtained (i.e., v.p

has not been touched by the expansion from oi.p), it is

replaced by the value of rsi, and the upper bound on

the spatial similarity Ssim(q, τ).ub is estimated as

Ssim(q, τ) = max


q.head.w · Is(q.head, τ.head)

+Ssim(q.tail, τ)

Ssim(q, τ.tail)

≤ max{α, Ssim(q, τ.tail)} = Ssim(q, τ).ub (8)

α =


q.head.w · e−sd(q.head.p, τ.head.p)
+Ssim(q.tail, τ) if C1

q.head.w · e−rsi + Ssim(q.tail, τ) if C2

C1: the value of sd(q.head.p, τ.head.p) is available (can

be obtained from the current network expansion).

C2: the value of sd(q.head.p, τ.head.p) is not available

and is replaced by the value of rsi.

Similarly, in the temporal domain, if a trajectory τ

has not been fully touched by the search from each oi.t,

for any timestamped sample point v ∈ τ , we have

|v.t−oi.t| > rti

⇒ e−|v.t−oi.t| < e−rti

⇒ It(v, oi) < e−rti

Refer to Equation 5 and assume that q.head = oi and

τ.head = v. If the value of |v.t−oi.t| cannot be obtained

(i.e., v.t has not been touched by the search from oi.t),
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we use the value of rti to replace it and estimate the

upper bound of temporal similarity Tsim(q, τ).ub as

Tsim(q, τ) = max


q.head.w · It(q.head, τ.head)

+Tsim(q.tail, τ)

Tsim(q, τ.tail)

≤ max{β, Tsim(q, τ.tail)} = Tsim(q, τ).ub (9)

β =


q.head.w · e−|q.head.t−τ.head.t|
+Tsim(q.tail, τ) if C1

q.head.w · e−rti + Tsim(q.tail, τ) if C2

C1: the value of |q.head.t− τ.head.t| is available.

C2: the value of |q.head.t−τ.head.t| is not available and

is replaced by the value of rti.

By combining the upper bounds of the spatial simi-

larity (Equation 8) and the temporal similarity (Equa-

tion 9), the upper bound of the spatio-temporal simi-

larity STsim(q, τ) is defined as follows.

STsim(q, τ).ub =



λ · Ssim(q, τ)

+(1− λ) · Tsim(q, τ).ub if C1

λ · Ssim(q, τ).ub

+(1− λ) · Tsim(q, τ) if C2

λ · Ssim(q, τ).ub

+(1− λ) · Tsim(q, τ).ub if C3

(10)

C1: data trajectory τ is fully touched in the spatial do-

main and partly touched in the temporal domain.

C2: data trajectory τ is partly touched in the spatial

domain and fully touched in the temporal domain.

C3: data trajectory τ is partly touched in both the s-

patial and the temporal domains.

Among all data trajectories that have not been fully

touched in the spatial and temporal domains, we define

the global upper bound UB as

UB = max
τ∈Tn

{STsim(q, τ).ub}, (11)

where Tn is a set of trajectories that have not been

fully touched in the two domains (i.e., Tn = T \ Tf ).

Similar to LB , UB is a quantity whose value changes

dynamically during query processing.

To reduce the computation and storage loads, we

only compute and maintain the lower bounds of partly

touched trajectories. According to our definition, un-

touched trajectories must not have spatio-temporal up-

per bounds that are greater than those of partly touched

trajectories. For instance, in Figure 2, τ3 is a partly

touched trajectory, and τ4 is an untouched trajectory

in the spatial domain. According to Equation 8, for ex-

pansion center (trajectory sample point) o2.p, we have:

Is(o2, v).ub =

{
e−sd(o2.p, p7) if v.p = p7 ∈ τ3
e−rs2 if v.p ∈ τ3 \ {p7}

Is(o2, v
′).ub = e−rs2 ∀v′ ∈ τ4

sd(o2.p, p7) ≤ rs2 ⇒ Is(o2, v).ub ≥ Is(o2, v′).ub

For the other expansion centers oi.p ∈ τ1 \ {o2.p},
it is easy to find that ∀v ∈ τ3,∀v′ ∈ τ4, Is(oi, v).ub =

Is(oi, v
′).ub. By combining the results stated above, we

obtain Ssim(τ1, τ3) ≥ Ssim(τ1, τ4). The temporal do-

main is handled similarly.

4.4 Algorithm

In the spatial and temporal domains, the network ex-

pansion and time axis search stop once LB > UB . All

trajectories that have not been fully touched, including

partly touched trajectories and trajectories completely

outside the explored regions, can be pruned safely. The

instant value of LB is the maximum spatio-temporal

similarity to the query trajectory q, and the correspond-

ing data trajectory τ is returned. The process of bal-

anced search is detailed in Algorithm 1.

In Algorithm 1, network expansion is performed from

each center (trajectory sample point) oi.p in turn. The

expansion follows Dijkstra’s algorithm [9], which always

selects the vertex with the minimum distance label for

expansion (lines 5–6). For each newly scanned trajec-

tory τ in the spatial domain, if it has not been touched

by the expansion from oi.p before, it is labeled as being

touched by oi.p, and its spatial similarity upper bound

Ssim(q, τ).ub and global upper bound UB are updat-

ed correspondingly (lines 7–10). If we find a trajectory

τ that has been fully touched in both the spatial and

the temporal domains, we can compute the value of

STsim(q, τ) based on Equation 6 (lines 11–12). If the

value of STsim(q, τ) is greater than the global lower

bound LB , the value of LB is replaced by the value of

STsim(q, τ) (lines 13–14). If the value of LB is greater

than that of UB or rsi ≥ εs, the query processing is

terminated (lines 15–16). In the temporal domain, the

same search process is conducted and the search is ex-

panded by incrementation by 1 (rt = rt + 1) (lines

17–18).

5 PTM Query Processing

The main drawback of balanced search as introduced in

Section 4 is search space overlap. In the query trajec-

tory, two adjacent sample points (usually close to each
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Algorithm 1 Balanced Search

Data: trajectory set T , query trajectory q

Result: maxτ∈T {STsim(q, τ)} and the corresponding trajectory
LB ← 0; UB ← 0;1

Ssim(q, τ).ub← 0; Tsim(q, τ).ub← 0; STsim(q, τ).ub← 0;2

while true do3

// in the spatial domain4

for each oi ∈ q do5

Search(oi.p);6

for each newly scanned trajectory τ do7

if τ.touch(oi.p) = false then8

τ.touch(oi.p)← true;9

update Ssim(q, τ).ub, UB ;10

if ∀oi ∈ q (τ.touch(oi.p) ∧ τ.touch(oi.t)) are true then11

compute STsim(q, τ);12

if STsim(q, τ) > LB then13

LB ← STdist(q, τ);14

if (LB > UB) ∨ (rsi ≥ εs) then15

return LB and the corresponding τ ;16

// in the temporal domain17

The same search process as in the spatial domain, with (oi.p, Ssim(q, τ), Ssim(q, τ).ub, rsi, εs) replaced by (oi.t,18

Tsim(q, τ), Tsim(q, τ).ub, rti, εt).

other in the spatial and temporal domains) that are

both selected as expansion centers can have search s-

paces that overlap substantially. The trajectories in the

overlapping regions will be accessed and processed re-

peatedly, which yields unnecessarily poor performance.

In addition, balanced search lacks an effective strategy

for scheduling which query sources to consider, again

leading to poor performance.

To overcome these weaknesses and answer the PT-

M query efficiently, we propose an adaptive, two-phase

search algorithm. First, we carefully select a set of sam-

ple points from the query trajectory q as query sources.

Then we develop upper and lower bounds on the spatio-

temporal similarity to q to constrain the search space in

both domains (Section 5.1). An efficiency study reveals

that our method defines the minimum search space dur-

ing query processing (Section 5.2). Second, we propose

a heuristic strategy based on priority ranking for the

scheduling of the multiple query sources, thus avoiding

to devote unnecessary search efforts to the trajectories

that are unlikely to be promising (Section 5.3). Final-

ly, the complete procedure of the proposed two-phase

PTM search algorithm is detailed in Section 5.4.

5.1 Identifying Query Sources

To reduce search space overlap and improve the PTM

query efficiency, a set of sample points are carefully se-

lected as expansion centers from the query trajectory q.

The set of query sources is denoted asOq.s in the spatial

domain and as Oq.t in the temporal domain. Other sam-

ple points can be attached to their nearest expansion

center, and the spatial/temporal distance to trajecto-

ries can be estimated correspondingly. In the example

in Figure 3, τ1 = 〈o1, o2, ..., o8〉 is the query trajectory

(q = τ1), and τ2 and τ3 are data trajectories in T . A

set of sample points Oq.s = {o2.p, o4.p, o7.p} are select-

ed as expansion centers in the spatial domain (how to

select expansion centers is covered in Section 5.2), and

other sample points are attached to their closest expan-

sion centers (i.e., {o1.p, o3.p} is attached to o2.p; o5.p is

attached to o4.p; {o6.p, o8.p} is attached to o7.p). For

a non-expansion-center sample point ob.p ∈ q, its net-

work distances to a data trajectory τ ∈ T is estimated

based on Equation 12.

dM (ob.p, τ) ≥ rsb ={
rsa − sd(oa.p, ob.p) if C1

dM (oa.p, τ)− sd(oa.p, ob.p) if C2
(12)

C1: τ has not been touched by the expansion from ex-

pansion center a.

C2: τ has been touched by the expansion from expan-

sion center a.

Here, oa.p ∈ Oq.s is ob.p’s nearest expansion center.

Consider the example shown in Figure 3. Here, o4.p is

an expansion center, and o5.p is a non-expansion-center

sample point attached to o4.p. Trajectory τ3 has not
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Fig. 3 Identifying Query Sources

been touched by the expansion from o4.p, which means

that τ3 is outside the circular region (o4.p, rs4). If the

value of rs5 is equal to that of (rs4 − sd(o4.p, o5.p)),

we can guarantee that the circular region (o5.p, rs5) is

enclosed by circular region (o4.p, rs4). Then we are sure

that τ3 is outside the circular region (o5.p, rs5), and the

value of dM (o5.p, τ3) is greater than that of rs5. On

the other hand, τ2 has been touched by the expansion

from o4.p and p4 ∈ τ4 is the closest sample point to

o4.p (i.e., dM (o4.p, τ2) = sd(o4.p, p4)). This means that

τ2 is tangent to the circular region (o4.p, dM (o4.p, τ2)),

and p4 is the tangent point. If rs5 = dM (o4.p, τ2) −
sd(o4.p, o5.p), we can guarantee that the circular region
(o5.p, rs5) is enclosed by the circular region (o4.p, rs4),

and thus we can get dM (o4.p, τ2) ≥ rs5.

For any sample point v ∈ τ , we have

sd(v.p, ob.p) ≥ dM (ob.p, τ) ≥ rsb

⇒ Is(v, ob) = e−sd(v.p, ob.p) ≤ e−rsb .

Then, we can substitute the values of rsb (sample point

ob.p is a non-expansion-center in the spatial domain; for

expansion center oa.p, we use its original radius rsa.)

in Equation 8 and the spatial similarity upper bound

Ssim(q, τ).ub can be computed.

A similar procedure is conducted in the temporal

domain to reduce the search space overlap. A set of

sample points Oq.t = {o2.t, o5.t, o7.t} is carefully se-

lected from the query trajectory q as expansion centers,

and other non-expansion-center sample points in q are

attached to their closest expansion centers. Note that

the expansion centers in the spatial domain need not

be the same as those in the temporal domain. For ex-

ample, in Figure 3, o4.p is an expansion center in the

spatial domain, but o4.t is a non-expansion-center in

the temporal domain. For a non-expansion-center ob.t,

its temporal distance to v.t, v ∈ τ, can be estimated as

|v.t−ob.t| ≥ rtb =

{
rta − |oa.t− ob.t| if C1

|v.t− oa.t| − |oa.t− ob.t| if C2
(13)

C1: v.t has not been touched by the search from the

expansion center oa.t.

C2: v.t has been touched by the search from the expan-

sion center oa.t.

Here, oa.t ∈ Oq.t is the closest expansion center to

ob.t. If v.t has not been touched by the search from oa.t,

v.t is outside the search range defined by (oa.t, rta),

where oa.t is the expansion center and rta is the search

radius. If the value of rtb is equal to that of (rta−|oa.t−
ob.t|), we can guarantee that the search region (ob.t, rtb)

is enclosed by the search region (oa.t, rta). Thus v.t is

outside the search region (ob.t, rtb) and |v.t−ob.t| > rtb.

Once v.t has been touched by the search from oa.t,

rtb = |v.t − oa.t| − |oa.t − ob.t| guarantees that v.t is

outside or tangent with the search region (ob.t, rtb), and

|v.t − ob.t| ≥ rtb. By integrating the two cases intro-

duced above, we get ∀v ∈ τ, |v.t− ob.t| ≥ rtb. Next, the

values of rtb for non-expansion-center sample points can

be substituted into Equation 9 to compute the tempo-

ral similarity upper bound Tsim(q, τ).ub. By combining

the spatial and temporal similarity upper bounds based

on Equation 10, the spatio-temporal similarity upper

bound Tsim(q, τ).ub is obtained.
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5.2 Efficiency Study

In this section, we study the efficiency of the proposed

algorithm for computing the PTM query by estimat-

ing the total search space in the spatial and temporal

domains during query processing. In general, a smal-

l search space implies low computation cost, including

data access and processing costs, and high query pro-

cessing efficiency.

Assume that trajectories are uniformly distributed

in both the spatial and the temporal domains and that

sample points in the query trajectory q are uniform-

ly distributed as well. In an extreme case where each

sample point in τ is an expansion center (as in balanced

search in Section 4), the search space for each individual

expansion center is minimized while the number of ex-

pansion centers is maximized. Note that when any two

adjacent sample points (usually close to each other) are

selected as expansion centers, the search space overlap

is substantial. The trajectories in the overlapping region

will be read and processed repeatedly, which yields un-

necessarily poor performance. In another extreme case,

only the two ends of q (i.e., the source and destination)

are selected as expansion centers. While the number of

expansion centers is minimized, the search space for in-

dividual expansion center may be very large. The opti-

mal selection of expansion centers can be estimated us-

ing linear programming. Let 〈o1 = s, o2, .., on−1, on = t〉
be the sample points in q ordered from source s to des-

tination t. Let A be an n × n matrix where aij = 1 if

the ith and the jth sample points are adjacent expan-

sion centers (i.e., no sample points in-between them are

expansion centers) and aij = 0, otherwise. Our goal is

to minimize the objective functions in both domains:

ωs =
∑

aij
1

4
π(dij + 2εs)

2 (14)

ωt =
∑

aij(dij + 2εt) (15)

subject to i < j,
∑n
j=1 a0j = 1,

∑n
i=1 ai0 = 1,

∑n
j=1 aij

≤ 1,
∑n
i=1 aij ≤ 1, and

∑n
j=1 aij =

∑n
k=1 aki. In the

spatial domain, dij is the network distance between

the ith and the jth sample points along the trajecto-

ry q, while in the temporal domain, dij is the tem-

poral distance |i.t − j.t| along the time axis. We use∑
aij

1
4π(dij+2εs)

2 and
∑
aij(dij+2εt) to estimate ar-

eas of the total search space in the spatial and temporal

domains, respectively, and we use
∑
aij to estimate the

number of expansion centers.

Considering the online processing scenario, the time

cost of finding the optimal selection of expansion cen-

ters by solving the above objective function may not

be practical. Thus, we simplify the objective functions

(Equations 14 and 15) by assuming that the gap be-

tween any two adjacent expansion centers is identical

and the sample points in q are uniformly distributed.

Our goal is now changed to finding the optimal number

of expansion centers. Then, we have:

ωs(θ) =
θ

4
π(

q.ls
θ − 1

+ 2εs)
2 (16)

ωt(µ) = µ(
q.lt
µ− 1

+ 2εt), (17)

where q.ls and q.lt are the lengths of query trajectory q

in the spatial and temporal domains, respectively, and

θ and µ are the number of expansion centers in the two

domains. The values of θ = (x+1) and µ resulting in the

minimum ωs and ωt are obtained using the derivatives

of the Functions 16 and 17.

ωs(θ)
′ =

∂ω

∂θ
= 0

⇒ 2q.l2sx
−3 + (q.l2s + 4εsq.ls)x

−2 + 4εs = 0 (18)

ωt(µ)′ =
∂ω

∂µ
= 0⇒ µ =

√
q.lt
2εt

+ 1 (19)

The cubic equation in Equation 18 can be solved by

applying the general formula of roots. Then θ = (x +

1) uniformly distributed sample points (including the

source and destination) are selected in q as the expan-

sion centers. In Equation 19, the value of µ is comput-

ed directly. The necessity of the query source sampling

step in the spatial and temporal domains depends on

the values computed for θ and µ in the two domains,

respectively. If the number of vertices in the query tra-

jectory is equal to the value of θ (i.e., |q| = θ), it is not

necessary to conduct query source sampling in the spa-

tial domain. Similarly, if |q| = µ, it is not necessary to

conduct query source sampling in the temporal domain.

By following the aforementioned procedure, the expan-

sion centers that define the minimum search spaces in

the two domains are found.

5.3 Heuristic Trajectory Search Strategy

We proceed to introduce a heuristic scheduling strate-

gy based on priority ranking of multiple query sources

(i.e., the selected expansion centers in the spatial and

temporal domains) adopted in the PTM query process-

ing. A carefully crafted scheduling strategy can help

avoid devoting unnecessary search effort to trajectories

that are unlikely to be the optimal choice and can thus

further enhance query efficiency.

Consider the scenario demonstrated in Figure 4. In

the spatial domain, trajectory τ2 has been fully touched
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Fig. 4 Heuristic Trajectory Search Strategy

(i.e., touched by the expansion from all selected expan-

sion centers Oq.s = {o2.p, o4.p, o7.p}), while trajectories

τ3 and τ4 are both partly touched (τ3 has been touched

by the expansion from o2.p, and τ4 has been touched

by the expansions from o4.p and o7.p). Each expan-

sion center oa.p ∈ Oq.s is given a label oa.p.priority to

describe its priority. We carefully maintain a dynam-

ic priority heap ordered on oa.p.priority that contain-

s these query sources. In each step, we consider the

query source on the top of the heap and expand the

corresponding search until its place is replaced. Then

we expand from the new top-ranked query source. The

priority of each query source oa.p ∈ Oq.s is defined as

follows.

oa.p.priority =∑
pi∈C(oa.p)

oi.w∑
oj∈q oj .w

∑
τi∈Tp\Tt(oa.p)

eSsim(q,τi).ub (20)

Here, C(oa.p) is a cluster of sample points that con-

tains expansion center oa.p and all non-expansion-center

sample points considering oa.p as their nearest expan-

sion center. Tp is the set of partly touched trajecto-

ries in the spatial domain (e.g., Tp = {τ3, τ4}) and

Tt(oa.p) is the set of trajectories touched by the ex-

pansion from oa.p (e.g., Tt(o2.p) = {τ2, τ3}, Tt(o4.p) =

{τ2, τ4}, Tt(o7.p) = {τ2}, etc.). The fully touched tra-

jectories (e.g., τ2) and all untouched trajectories (i.e.,

the trajectories that have not been touched by any ex-

pansion in the spatial domain) are not taken into ac-

count in this ranking model.

Fundamentally, the priority of oa.p should reflect

the significance of cluster C(oa.p) (sample point oa.p

is a selected expansion center in the spatial domain,

and {pi | pi ∈ C(pa)} \ {oa.p} are attached to pa). The

higher the significance, the higher the priority. The sig-

nificance of C(oa.p) can be expressed as the ratio of∑
pi∈C(oa.p)

oi.w to
∑
oj∈q oj .w. Then, for partly touched

trajectories, our target is to transform them into fully

touched trajectories as soon as possible (as mentioned

before, only if a trajectory has been full touched, we

compute its spatial similarity to q according to Equa-

tion 4). To be a fully touched trajectory, a trajectory

should be touched by the expansions from all expansion

centers oa.p ∈ Oq.s. The priority of oa.p is proportional

to its “margin” (i.e., the size of Tp \ Tt(pa)). For exam-
ple, in Figure 4, Tp = {τ3, τ4}, Tt(o2.p) = {τ2, τ3}, and

Tp \ Tt(o2.p) = {τ4}. As a result, the margin of p1 is

1. Further, Tt(o7.p) = {τ2} and Tp \ Tt(p7) = {τ3, τ4}.
Hence the margin of p7 is 2. Next, Ssim(q, τ).ub is used

to estimate the spatial similarity between q and τ . In-

tuitively, a trajectory τ with larger Ssim(q, τ).ub should

have a higher probability to be the trajectory with the

highest spatial similarity to q. If τ ∈ Tp \ Tt(oa.p), the

value of Ssim(q, τ).ub should be proportional to the pri-

ority of oa.p.

Similarly, in the temporal domain, the priority of

each query source oa.t ∈ Oq.t is given as follows.

oa.t.priority =∑
oi.t∈C(oa.t)

oi.w∑
oj∈q oj .w

∑
τi∈Tp\Tt(oa.t)

eTsim(q,τi).ub (21)

In the above, we only consider the situations where

no trajectory has been touched in both the spatial and
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the temporal domains. Once a trajectory has been touched

in both domains, a new ranking method is necessary to

evaluate the priority of each query source oa ∈ {Oq.s∪
Oq.t}, and the priority labels is calculated as follows.

oa.priority =∑
oi∈C(oa)

oi.w∑
oj∈q oj .w

∑
τi∈Tp\Tt(oa)

eSTsim(q,τi).ub (22)

Here, Tp is the set of partly touched trajectories in both

the spatial and temporal domains, and Tt(oa) is the set

of trajectories touched by the search from oa. The tra-

jectories that have been fully touched in the both do-

mains and the trajectories that have not been touched

by search in any of the two domains are disregarded.

5.4 Algorithm

The two-phase PTM query processing algorithm is shown

in Algorithm 2. Initially, the default values of the global

lower bound LB (Equation 7), the global upper bound

UB (Equation 11), and the upper bounds of the s-

patial (Equation 8), the temporal (Equation 9), the

spatio-temporal similarity (Equation 10) are set to 0

(lines 1–2). Then, expansion centers in the both spa-

tial and temporal domains are selected according to

the method introduced in Section 5.1 (line 3). The val-

ues of the priority labels of the query sources (i.e.,

∀oi.p ∈ Oq.s (oi.p.priority), ∀oj .t ∈ Oq.t (oj .t.priority)

and ∀o ∈ {Oq.s ∪ Oq.t}(o.priority)) are set to 0 (lines

4–5). While no trajectory has been touched in both the

spatial and temporal domains, the query processing is

conducted in the two domains independently.

In the spatial domain, the query source with the

maximum value of oi.p.priority is selected as the cur-

rent search point Csp.s (line 6), and the search is from

Csp.s according to Dijkstra’s algorithm (line 10). For

each newly scanned trajectory τ , if τ has not been

touched by the expansion from oi.p before, its label is

updated as being touched by oi.p (lines 11–13). During

this process, Ssim(q, τ).ub and other related parameters

are updated correspondingly (line 14). If there exists a

query source o′.p ∈ Oq.s \ {oi.p} with a higher value

of o′.p.priority than that of oi.p.priority, o′.p replaces

oi.p as the new search point, and the expansion from

oi.p terminates (lines 15–16). If a trajectory has been

touched in both the spatial and the temporal domains,

the current search terminates (lines 17–18), and a new

priority ranking method (Equation 22) is adopted to

schedule different query sources in the two domains. In

the temporal domain, the same search process is con-

ducted and the search is expanded as rt = rt+ 1 (lines

19–20).

Then, we select the query source with the maximum

value of o.priority as the current search point Csp (line

21). If o ∈ Oq.s, the search region is expanded accord-

ing to Dijkstra’s algorithm. If o ∈ Oq.t, the search is

expanded by incrementing rt by 1. Each newly scanned

trajectory τ is labeled as being touched by the search

from o, and the values of STsim(q, τ).ub and all related

parameters (e.g., o.priority, UB) are updated corre-

spondingly (lines 24–28). If there exists a query source

o′ ∈ Oq.s ∪Oq.t \ {o} with o′.priority > o.priority, o′

replaces o as the new expansion center, and the search

from o terminates (lines 29–30). If a trajectory has been

touched by all query sources in the two domains, the

value of STsim(q, τ) is computed based on Equation 6.

If STdist(q, τ) > LB , LB is updated to be the value of

STsim(q, τ) (lines 31–34). Once the value of LB exceeds

that of UB or the search radiuses of all query sources

exceed the matching thresholds, the trajectory τ with

the maximum value of STsim(q, τ) (LB) is returned,

and the search terminates (lines 35–36).

Extension: it is straightforward to extend the pro-

posed techniques to support a top-k PTM query. A-

mong all data trajectories fully scanned in the spatial

and temporal domains, we define a global lower bound

LBk for a top-k PTM query as

LBk = min
τ∈Tk

{STsim(q, τ)}, (23)

where Tf is the set of trajectories that have been fully

touched in the both domains, and Tk = {τ1, τ2, ..., τk}
(Tk ⊆ Tf ), such that

∀τ ∈ Tk(∀τ ′ ∈ Tf \ Tk(STsim(q, τ) ≥ STsim(q, τ ′))).

The value of LBk is dynamic and is updated continu-

ously during the search process.

The search process for the top-k PTM query is con-

ducted by substituting Equation 23 into Algorithms

1 and 2. If the value of LBk exceeds UB , the query

processing terminates and trajectory data set Tk is re-

turned as the top-k result.

6 Experiments

Next, we report on an extensive experimental study

with real and synthetic spatial data sets to understand

the performance properties of the two PTM query pro-

cessing algorithms presented in the paper. We use graph-

s extracted from two spatial networks in the studies,

namely the Beijing Road Network (BRN)9 and the North

America Road Network (NRN)10, which contain 28,342

9 http://www.iscas.ac.cn/
10 http://www.cs.utah.edu/̃lifeifei/SpatialDataset.htm
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Algorithm 2 Two-Phase PTM Query Processing

Data: trajectory set T , query trajectory q

Result: maxτ∈T {STsim(q, τ)} and the corresponding trajectory
LB ← 0; UB ← 0;1

Ssim(q, τ).ub← 0;Tsim(q, τ).ub← 0;STsim(q, τ).ub← 0;2

select query sources in the spatial and temporal domains;3

∀oi.p ∈ Oq .s (oi.p.priority ← 0); ∀oj .t ∈ Oq .t (oj .t.priority ← 0);4

∀o ∈ {Oq .s ∪Oq .t} (o.priority ← 0);5

Csp.s ← oi.s ∈ Oq .s with the maximum value of oi.p.priority;6

Csp.t ← oj .t ∈ Oq .s with the maximum value of oj .t.priority;7

while true do8

//in the spatial domain9

Search(Csp.s);10

for each newly scanned trajectory τ do11

if τ.touch(oi.p) = false then12

τ.touch(oi.p)← true;13

Update Ssim(q, τ).ub and all related parameters;14

if ∃o′.p ∈ Oq .s \ {oi.p} (o′.p.priority > oi.p.priority) then15

Csp.s ← o′.p;16

if ∃oj .t ∈ Oq .t (τ.touch(oj .t) = true) then17

Break;18

//in the temporal domain19

The same search process as in the spatial domain, with (Csp.s, Oq .s, Ssim(q, τ).ub, PriorityS(si)) replaced by20

(Csp.t, Oq .t, Tsim(q, τ).ub, PriorityT (sj)).

Csp ← o ∈ {Oq .s ∪Oq .t} with the maximum o.priority;21

while true do22

Search(Csp);23

for each newly scanned trajectory τ do24

if τ.touch(o) = false then25

τ.touch(o)← true;26

Update STsim(q, τ).ub and all related parameters;27

UB = max{STsim(q, τ).ub};28

if ∃o′ ∈ Oq .s ∪Oq .t \ {o} (o′.priority > o.priority) then29

Csp ← o′;30

if ∀oi ∈ Oq .s ∪Oq .t (τ.touch(oi) = true) then31

Compute STdist(q, τ);32

if STdist(q, τ) > LB then33

LB ← STsim(q, τ);34

if LB > UB ∨ (∀oi.p ∈ Oq .s (rsi ≥ εs) ∧ ∀oj .t ∈ Oq .t (rtj ≥ εt)) then35

return LB and the corresponding trajectory τ ;36

vertices and 175,812 vertices, respectively. The graphs

are stored as adjacency lists. We pre-compute shortest

path distances between all-pair vertices for each graph

by using Dijkstra’s algorithm [9] to enhance the effi-

ciency of the PTM query processing. The preprocessing

requirements (time and the maximum required memo-

ry space) are listed in Table I. In addition to BRN and

NRN, we also test the pre-computing algorithm on a

much larger road network, the Pennsylvania Road Net-

work (PRN)11 with 1,088,092 vertices, to observe its

performance. The pre-computing algorithm was imple-

mented in C++ and run on a cluster with 16 servers.

11 http://snap.stanford.edu/data/index.html

Each server has a 16-core CPU (2.40GHz) and 300GB

memory. Note that the maximum required memory in

a server is the memory shared by 16 parallel threads.

For the studies with BRN, we used a real trajectory

data set collected by the MOIR project [19]. Raw tra-

jectory samples obtained from GPS devices are of the

form 〈longitude, latitude, timestamp〉. They were map

matched to the vertices in the corresponding graph ac-

cording to the Passby map-matching method [20]. Be-

tween any two adjacent sample points a and b, we as-

sume that the object follows the shortest path connect-

ing a and b. For the studies with NRN, synthetic trajec-

tory data was used. The generated synthetic trajectory

samples are of the form of 〈vertex, timestamp〉. Syn-
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Table I: Pre-Processing Requirements
Time (second) Memory Space (byte)

All-pair shortest path BRN (28,342 vertices) 8.5 100,868,096 (≈ 96.2 MB)
All-pair shortest path NRN (175,812 vertices) 380.8 661,221,376 (≈ 630.6 MB)
All-pair shortest path PRN (1,088,092 vertices) 23,404.5 (≈ 6.5 hours) 4,817,809,408 (≈ 4.5 GB)
Map-matching BRN (10,000 trajectories) 211.6 65,011,743 (≈ 62.0 MB)

Table II: Parameter Settings
BRN NRN

Number of trajectories, |T | 6,000–10,000 (default 8,000) 10,000–30,000 (default 20,000)
Query trajectory length, q.length 20–100 (default 60) 20–100 (default 60)
The relative importance parameter, λ 0–1 (default 0.5) 0–1 (default 0.5)

thetic trajectories are uniformly distributed in NRN,

and their lengths are from 20 to 100. Map-matching al-

gorithms was implemented in C++ and run on a Win-

dows 7 platform with an Intel Core i5-2410M Processor

(2.67GHz, 3MB L3) and 8GB memory. The require-

ments (time and maximum required memory space) of

the map-matching process in BRN are also listed in

Table I.

In the experiments, the graphs were memory resi-

dent when running Dijkstra’s algorithm, while the tra-

jectory data was stored on disk due to its large size.

To achieve efficient data access, a trajectory hashing

approach was adopted in both the spatial and tempo-

ral domains. A data trajectory was represented as a

sequence of timestamped sample points oi = (pi, ti),

where pi is a vertex in G(V,E) and ti is a timestam-

p. For each vertex pi ∈ V , we maintain a pointerlist

pi.traj to identify the trajectories that contain pi (i.e.,

pointing to the positions of the trajectories on disk).

Similarly, in the temporal domain, all timestamps were

mapped onto a 24-hour time axis, and the smallest unit

is 1 second. For each time point t on the time axis, we

maintain a pointerlist t.traj to identify the trajectories

that contain t. If a vertex v was scanned by a network

expansion in the spatial domain, or a time point t was

scanned by a search in the temporal domain, the related

trajectories (i.e., the trajectories in the corresponding

pointerlist) can be accessed efficiently.

All algorithms of PTM were implemented in C++

and run on a Windows 7 platform with an Intel Core i5-

2410M Processor (2.67GHz, 3MB L3) and 8GB mem-

ory. The maximum memory spaces required by PTM

query processing are listed in table III.

Table III: Maximum Memory Space Required by PTM

Query Processing
BRN (byte) NRN (byte)

balanced
algorithm

123,887,616
(≈ 118.2 MB)

929,390,592
(≈ 886.3 MB)

two-phase
algorithm

43,319,296
(≈ 41.3 MB)

383,474,668
(≈ 365.7 MB)

All experimental results are averaged over 50 inde-

pendent trails with different query inputs. The main

performance metrics are CPU time and the number of

visited trajectories. The number of visited trajectories

is selected as a metric for two reasons: (i) it describes

the exact amount of data accesses; (ii) it reflects the

real disk I/O cost to a certain degree. The parameter

settings are listed in Table II. By default, the number

of trajectories were 8,000 and 20,000 in BRN and NRN,

respectively. The length of a query trajectory was set to

60, and λ was set to 0.5 for both BRN and NRN. Each

query trajectory was randomly selected from the tra-

jectory data set T . The weight of each sample point in

a query trajectory was also randomly generated and the

weights are integers in the range [1, 5]. The two-phase

algorithm (Section 5) is denoted as “Two-phase PTM”

in Figures 5, 6, and 7. For the purpose of comparison,

two naive algorithms were also implemented: balanced

search (Section 4) denoted as “Balanced” and the two-

phase algorithm without the heuristic search strategy,

denoted as “PTM without heuristic” in Figures 5, 6,

and 7.

6.1 Effect of the Number of Trajectories |T |

First of all, we investigated the effect of the number of

trajectories |T | on the performance of the three search

algorithms with the default settings. Intuitively, the

denser the trajectory data is, the smaller the required

search space is, and thus the queries can be faster. In

Figure 5, the CPU time and the number of visited tra-

jectories for balanced search and both two-phase algo-

rithms (with and without heuristic search strategy) de-

crease with the increasing number of trajectories. From

Figure 5, it is clear that the CPU time and the number

of visited trajectories required by balanced search are

3–4 times higher than those of the two-phase algorithm.

In addition, with the help of the query source sampling

step (Section 5.1), the performance of the balanced al-

gorithm is improved by approximately a factor of 3 in

terms of both CPU time and the number of visited tra-
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Fig. 5 Effect of the Number of Trajectories

jectories (by comparing “PTM without heuristic” to

“Balanced”). Furthermore, with the help of the heuris-

tic search strategy (Section 5.3), the performance of

the two-phase algorithm is improved by approximately
a factor of 2 in terms of both CPU time and the num-

ber of visited trajectories (by comparing “PTM without

heuristic to “Two-Phase PTM). These results demon-

strate the importance of carefully selecting expansion

centers and developing the corresponding lower and up-

per bounds (to prune the search space), and the benefit

of the heuristic search strategy.

Note that (i) the number of visited trajectories may

be greater than the size of trajectory data set T since

a trajectory may be visited several times from different

query sources; (ii) the CPU time is not fully aligned

with the number of visited trajectories. To prune the

search space, the two-phase algorithm needs more com-

putational effort to maintain the bounds and the prior-

ity heap. In some cases, the increment of the computa-

tion cost may offset the benefits of the reduction in the

number of visited trajectories.

6.2 Effect of Query Trajectory Length q.length

Figure 6 presents the performance of the three algo-

rithms with varying number of sample points in a query

trajectory. Since more sample points cause more query

sources to be processed, the CPU time and the number

of visited trajectories are expected to be higher for all

three search algorithms. However, the CPU time and

the number of visited trajectories of balanced search

increase much faster than for the two-phase algorithm-

s for two reasons. First, all the sample points in the

query trajectory are treated as query sources, which

causes even more visits of trajectories. Second, balanced

search treats all query sources equally since no heuristic

search strategy is adopted. For instance, with q.length

= 100, the two-phase algorithm outperforms balanced

search by almost a factor of 5 (for both CPU time and

visited trajectories).

6.3 Effect of λ

The value of λ is adopted to adjust the relative impor-

tance of the spatial and temporal similarity factors. In
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Fig. 6 Effect of Query Trajectory Length

the extreme case where λ = 1, the PTM query is con-

ducted in the spatial domain only. On the other hand,

when λ = 0, the temporal similarity is the sole factor

considered. Figure 7 demonstrates the performance of
the three algorithms for different values of λ. It is clear

that the search effort (CPU time and visited trajecto-

ries) required in the spatial domain is higher than that

required in the temporal domain.

6.4 Effect of Different Similarity Functions

We also study the performance of PTM query process-

ing with different trajectory similarity functions. Two

other typical trajectory similarity functions, NNT [24]

and BCT [8], are selected and they are suitable for s-

patial trajectories (rather than for data streams) with

arbitrary lengths.

By integrating NNT with spatial and temporal match-

ing thresholds εs and εt and the significance of trajec-

tory samples, the NNT similarity between a query tra-

jectory q and a data trajectory τ is defined as follows.

Sdist(v, τ) = min
∀v′∈τ

{sd(v.p, v′.p)}

Is(v, τ) =

{
0 if Sdist(v, τ) > εs
Sdist(v, τ)−1 otherwise

(24)

Here, v and v′ are trajectory samples in q and τ , respec-

tively, and Sdist(v, τ) is the minimum spatial distance
between v and τ .

Tdist(v, τ) = min
∀v′∈τ

{|v.t− v′.t|}

It(v, τ) =

{
0 if Tdist(v, τ) > εt
Tdist(v, τ)−1 otherwise

(25)

Here Tdist(v, τ) is the minimum temporal distance be-

tween v and τ . The spatial similarity, temporal similar-

ity, and spatio-temporal similarity of NNT are given in

Equations 26, 27, and 28.

Ssim(q, τ) =

|q|∑
i=1

vi.w · Is(vi, τ) (26)

Tsim(q, τ) =

|q|∑
i=1

vi.w · It(vi, τ) (27)

STsim(q, τ) = λ · Ssim(q, τ) + (1− λ) · Tsim(q, τ) (28)
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Fig. 7 Effect of λ

The upper bound on spatial similarity Ssim(q, τ).ub and

the upper bound on temporal similarity Tsim(q, τ).ub

are defined as follows.

Ssim(q, τ).ub =∑
{vi|τ∈St(i)}

vi.w ·Sdist(vi, τ) +
∑

{vj |τ /∈St(j)}

vj .w · rs−1j (29)

Here St(i) is a set of trajectories that are touched by

the expansion from vi.p in the spatial domain, and rsj
is the radius of the expansion region of vj .p.

Tsim(q, τ).ub =∑
{vi|τ∈Tt(i)}

vi.w · Tdist(vi, τ) +
∑

{vj |τ /∈Tt(j)}

vj .w · rt−1j (30)

Here Tt(i) is a set of trajectories that are touched by

the expansion from vi.t in the temporal domain, and

rtj is the radius of the expansion region of vj .t.

Then, following the procedures introduced in Sec-

tions 4 and 5, other parameters such as the upper bound

of spatio-temporal similarity STsim(q, τ).ub, global up-

per bound UB , and heuristic functions, can be comput-

ed directly. The PTM query is processed using the NNT

similarity function by substituting the corresponding

functions and parameters into Algorithm 2.

Similarly, by integrating BCT with the spatial and

temporal matching thresholds εs and εt and the sig-
nificance of trajectory samples, the BCT similarity be-

tween a query trajectory q and a data trajectory τ is

defined as follows.

Is(v, τ) =

{
0 if Sdist(v, τ) > εs
e−Sdist(v,τ) otherwise

(31)

It(v, τ) =

{
0 if Tdist(v, τ) > εt
e−Tdist(v,τ) otherwise

(32)

The spatial similarity, temporal similarity, and spatio-

temporal similarity are computed by substituting E-

quations 31 and 32 into Equations 26, 27, and 28. The

upper bounds of the spatial and temporal similarities

are given in Equations 33 and 34.

Ssim(q, τ).ub =∑
{vi|τ∈St(i)}

vi.w ·Sdist(vi, τ)+
∑

{vj |τ /∈St(j)}

vj .w ·e−rsj (33)

Tsim(q, τ).ub =
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{vi|τ∈Tt(i)}

vi.w ·Tdist(vi, τ)+
∑

{vj |τ /∈Tt(j)}

vj .w ·e−rtj (34)

Using the same procedure as for NNT, other parameter-

s such as STsim(q, τ).ub, UB , and heuristic functions,

can be computed directly. The PTM query is computed

using the BCT similarity function by substituting the

corresponding functions and parameters into Algorithm

2.

The two-phase algorithm based on the LCSS sim-

ilarity function (Equations 2–6, the main metric used

in this work) is denoted as “PTM-LCSS-Order” since

the order of trajectory samples is considered in tra-

jectory matching. In addition, the two-phase algorithm

based on NNT similarity [24] (Equations 24–28) and

BCT similarity [8] (Equations 31–32) are denoted as

“PTM-NNT” and “PTM-BCT”, respectively. The per-

formance of PTM query processing using the different

similarity functions is shown in Figure 8. Compared to

NNT and BCT (without an order constraint), LCSS-

Order (with an order constraint) asks for more compu-

tation effort to determine the spatio-temporal similar-

ity, upper and lower bounds, and heuristic functions.

Moreover, in LCSS-Order, a sample on a query trajec-

tory may not be matched to its nearest sample on a data

trajectory, which consequently requires a scan of more

trajectory samples to get the best matching. Therefore,

it is inevitable that LCSS-Order requires more CPU

time and higher numbers of visited trajectories. Fur-

thermore, NNT and BCT have similar structures; thus,

their curves are very close in Figure 8.

7 Conclusions and Research Directions

We proposed and investigated a novel problem called

Personalized Trajectory Matching (PTM). To the best

of our knowledge, this is the first work that investigates

the general trajectory matching problem in spatial net-

works, and takes the significance of trajectory sample

points into account. We believe that this type of query

may bring significant benefits to users in many pop-

ular applications such as route planning, carpooling,

friend recommendation, traffic analysis, urban comput-

ing, and location based services in general. To address

the PTM query efficiently, an adaptive two-phase PTM

search algorithm was proposed. A pair of bounds were

developed to prune the search space while a heuristic s-

trategy based on priority ranking was adopted to sched-

ule multiple query sources effectively. Finally, the per-

formance of the PTM query was demonstrated through

extensive experiments based on real and synthetic spa-

tial data sets.

Several interesting directions for future research ex-

ist. First, it is of interest to incorporate trajectory com-

bination into personalized trajectory recommendation

to further enhance the effectiveness of the paper’s pro-

posal. Conceptually, a recommended trajectory can be

composed of segments from different data trajectories.

This is a challenging problem, where the difficulties lie

in how to effectively and efficiently divide and com-

bine data trajectories. Second, the sampling rate and

consequent uncertainty of the data trajectories can be

taken into account during PTM query processing. A

probabilistic model based on moving objects pattern-

s and corresponding algorithms are called for. Third,

the effectiveness of PTM at supporting pertinent use

cases can be studied. It is possible to conduct case s-

tudies, by giving visualized results to users and collect-

ing and studying the user feedback, thus analyzing user

satisfaction. Fourth, the linear combination method u-

tilized in this work to combine the similarity between

two domains can be refined. Combination methods that

encompass linear and non-linear relationships between

two (or more) domains can be considered. Fifth, it is of

interest to extend PTM by integrating more parameters

into the trajectory similarity functions (e.g., road type

and road conditions), thus giving users a more suit-

able recommendation. Parameters like road type and

road conditions can possibly be learned from the corre-

sponding trajectory data.
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