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Abstract

Vehicular networks are a promising technology to help solve complex problems of modern

society, such as urban mobility. However, the vehicular environment has some character-

istics that pose challenges for wireless communication in vehicular networks not usually

found in traditional networks. Therefore, the scientific community is yet investigating

alternative techniques to improve data delivery in vehicular networks. In this context,

the recent and increasing availability of trajectory data offers us valuable information

in many research areas. These data comprise the so-called “big trajectory data” and

represent a new opportunity for improving vehicular networks. However, there is a lack

of specific data mining techniques to extract the hidden knowledge from these data.

This thesis explores vehicle trajectory data mining to design intelligent vehicular

networks. In the first part of this thesis, we deal with errors intrinsic to vehicle trajec-

tory data that hinder their applicability. We propose a trajectory reconstruction frame-

work composed of several preprocessing techniques to convert flawed GPS-based data to

road-network constrained trajectories. This new data representation reduces trajectory

uncertainty and removes problems such as noise and outliers compared to raw GPS tra-

jectories. After that, we develop a novel and scalable cluster-based trajectory prediction

framework that uses enhanced big trajectory data. Besides the prediction framework,

we propose a new hierarchical agglomerative clustering algorithm for road-network con-

strained trajectories that automatically detects the most appropriate number of clusters.

The proposed clustering algorithm is one of the components that allow the prediction

framework to process large-scale datasets.

The second part of this thesis applies the enhanced trajectory representation and

the prediction framework to improve the vehicular network. We propose the VDDTP

algorithm, a novel vehicle-assisted data delivery algorithm based on trajectory predic-

tion. VDDTP creates an extended trajectory model and uses predicted road-network

constrained trajectories to calculate packet delivery probabilities. Then, it applies the

predicted trajectories and some proposed heuristics in a data forwarding strategy, aim-

ing to improve the vehicular network’s global metrics (i.e., delivery ratio, communica-

tion overhead, and delivery delay). In this part, we also propose the DisTraC protocol

to demonstrate the applicability of vehicular networks to detect traffic congestion and

improve urban mobility. DisTraC uses V2V communication to measure road congestion

levels cooperatively and reroute vehicles to reduce travel time.

We evaluate the proposed solutions through extensive experiments and simulations.

For that, we prepare a new large-scale and real-world dataset based on the city of Rio
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de Janeiro, Brazil. We also use other real-world datasets publicly available. The re-

sults demonstrate the potential of the proposed data mining techniques (i.e., trajectory

reconstruction and prediction frameworks) and vehicular networks algorithms.
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Chapter 1

Introduction

The changes in the movement aspects of society and the growth of population concentra-

tion in large cities bring many challenges for modern civilization, such as urban mobility.

According to INRIX, Inc., tra�c jams caused a waste of $87 billion in the United States

in 2018 [90]. Besides that, the Centre for Economics and Business Research reported

that the economy-wide costs across four advanced economies are forecast to rise 46%

from 2013 to 2030. Therefore, there is a growing need to develop smart transportation

solutions to move people, goods, and animals e�ciently.

A notable alternative to improve urban mobility and other aspects of modern society

is the development of new technologies and transportation modes, leading to an Intelli-

gent Transportation System (ITS). ITSs use technologies such as inductive loops, Global

Positioning System (GPS), and wireless communication to provide better (intelligent)

solutions to a city's transportation. In this context, wireless communication in the ve-

hicular environment, which comprises vehicular networks, is prominent in the scienti�c

community.

Vehicular networks, also known as VANETs (Vehicular Ad Hoc Networks), are wire-

less communication systems that allow the exchange of data between vehicles (V2V

communication - Vehicle-to-Vehicle) and between vehicles and infrastructures located

along the roadsides (V2I communication - Vehicle-to-Infrastructure). Two vehicles can

exchange data when they are within communication range of each other, typically around

300 meters. However, the vehicular environment has some characteristics that present

challenges for communication in VANETs, such as the following.

ˆ The communication links frequently change because of the constant movement of

vehicles (i.e., vehicular networks present a highly dynamic topology).

1
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ˆ Regions with tra�c congestion can concentrate many vehicles within the same com-

munication range, which results in a dense network that can lead to the broadcast

storm problem. The broadcast storm problem causes di�erent issues, such as re-

dundancy, contention, and collision, associated with 
ooding in wireless networks

that hinder communication [195].

ˆ Regions with few vehicles result in sparse networks [213], which make communica-

tion di�cult since vehicles in di�erent regions can be isolated, preventing commu-

nication among them [141].

ˆ Proposals for vehicular networks should have a low communication overhead to not

adversely impact the applications that are sensitive to the transmission delay (e.g.,

tra�c safety applications) [48].

1.1 Motivation

The challenges that harm communication using vehicular networks are not entirely

solved, and a promising approach is to extract mobility knowledge from the increas-

ingly available trajectory data to improve vehicle-assisted data delivery. The so-called

\big trajectory data" o�er us crucial information to understand movement patterns and

plays a pivotal role in research �elds such as urban planning, tra�c analysis, location-

based social networks, vehicular networks, and other data mining-based applications.

For instance, we can learn from historical trajectory data to predict mobility and tra�c

congestion. Besides that, we can use the acquired knowledge to improve the networks'

performance and, consequently, disseminate tra�c congestion data and reduce vehicle

travel time. However, problems such as noises, outliers, and gaps present in most trajec-

tory datasets and the increasing volume of trajectory data demand the development of

new preprocessing algorithms and analysis techniques to apply the data in the applica-

tions mentioned above e�ciently.

In this thesis, we study vehicle trajectory data mining as a tool to design Intelligent

Vehicular Networks. In particular, we �rst investigate how we can preprocess trajectories

to enhance data quality, e�ectively improving the applicability of this data in vehicular

networks. Then, we study trajectory prediction based on enhanced big trajectory data.

Finally, we design vehicle-assisted data delivery techniques based on trajectory predic-

tion. In addition, we demonstrate how vehicular networks can be applied to estimate

and reduce tra�c congestion.
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1.2 Objectives

The main objective of this thesis is to investigate data mining techniques to extract mo-

bility knowledge from vehicle trajectory data and improve the e�ciency and e�ectiveness

of vehicular networks. We divide our speci�c objectives into two parts, the �rst focusing

on trajectory data mining and the second on vehicular networks.

First, we aim at investigating techniques based on trajectory data for predicting mo-

bility, travel time, and other information that can be applied to improve data delivery in

vehicular networks. For that, we plan to design methods to reconstruct vehicle trajecto-

ries (road-network constrained trajectories) from GPS-based data, as most GPS-based

trajectory data are unreliable. Thus, we de�ne our speci�c objectives from the perspec-

tive of trajectory data mining as follows:

ˆ Our �rst objective is to create a framework to reconstruct road-network constrained

trajectories from unreliable GPS-based datasets. This objective is essential as most

analysis techniques bene�t from a better trajectory representation.

ˆ We investigate how we can e�ectively and e�ciently predict long-term trajectories

from historical datasets. In other words, we intend to develop a method that

predicts the next road segments that a vehicle will travel based on its current

partial trajectory and historical trajectory datasets.

In the second part, our objective is to use the knowledge extracted from big trajectory

data to improve the vehicular networks' global metrics (i.e., delivery ratio, communica-

tion overhead, and delivery delay). We intend to apply the developed data mining tech-

niques (e.g., trajectory prediction algorithm) to design new data forwarding algorithms.

1.3 Contributions

We list the main contributions of this thesis in the following.

ˆ The Rio Center Dataset. One of the challenges in evaluating vehicular network

applications and the related data mining techniques is the lack of vehicle trajectory

datasets. Therefore, we present a novel real-world, large-scale vehicle trajectory

dataset based on the city of Rio de Janeiro, called Rio Center Dataset. We prepare

di�erent versions of the dataset to evaluate data mining techniques (e.g., trajectory

reconstruction and prediction) and vehicular networks applications.
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ˆ Trajectory Reconstruction Framework. This contribution consists in propos-

ing an e�cient framework to reconstruct vehicle trajectories from large-scale GPS

datasets. The framework is composed of several preprocessing techniques to allow

the reconstruction of the entire real trajectory.

ˆ Trajectory Prediction Framework. This contribution proposes a new cluster-

based framework for the long-term prediction of road-network constrained trajec-

tories. The framework trains prediction models from clustered historical trajectory

datasets. Besides that, we present a new hierarchical agglomerative clustering al-

gorithm for this task, which automatically detects the most appropriate number of

clusters.

ˆ DisTraC protocol. This contribution consists of theDis tributed and low-overhead

protocol for Tra �c Congestion control (DisTraC protocol), which aims at mea-

suring road congestion levels and reducing the average travel time of vehicles by

employing V2V communication. The protocol is independent of external infras-

tructures such as roadside units or cellular network towers as it uses only V2V

communication.

ˆ VDDTP algorithm. This contribution employs the trajectory reconstruction and

prediction frameworks to create the VDDTP algorithm, a novel vehicle-assisted

data delivery algorithm based on trajectory prediction. VDDTP demonstrates the

application of di�erent data mining techniques to improve data delivery in vehicular

networks. First, it creates an extended trajectory model and uses predicted road-

network constrained trajectories to calculate packet delivery probabilities. Then,

the algorithm employs a data forwarding strategy to improve the delivery ratio and

reduce communication overhead and delivery delay.

1.4 Thesis Outline

This thesis is organized as follows. Chapter 2 introduces some de�nitions and reference

models used throughout this thesis. Chapter 3 surveys and classi�es the main vehicle

trajectory similarity measures, which is a fundamental task of trajectory analysis. Chap-

ter 4 presents the Rio Center Dataset. Chapter 5 proposes the framework to reconstruct

vehicle trajectories from GPS datasets. Chapter 6 presents the new cluster-based frame-

work for the long-term prediction of road-network constrained trajectories. Chapter 7
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deals with the problem of applying vehicular networks to detect and reduce tra�c con-

gestion and presents the DisTraC protocol. Chapter 8 presents the VDDTP algorithm,

which employs the trajectory reconstruction and prediction frameworks to improve data

delivery in vehicular networks. Finally, Chapter 9 summarizes the contributions of this

thesis and presents future research directions.



Chapter 2

Preliminaries, De�nitions, and

Reference Models

This Chapter introduces some de�nitions and reference models used throughout this the-

sis. We organize the Chapter as follows. Section 2.1 presents some basic de�nitions to

introduce the graph-based road-network model and trajectory representations necessary

for elaborating the problems addressed in this thesis. Section 2.2 discusses the trajec-

tory representations, their advantages, disadvantages, and applicability in more detail.

Finally, Section 2.3 concludes this Chapter.

2.1 Road Network and Vehicle Trajectory Models

De�nition 1. (Road Network) A road network is a single directed graphN = ( V; E),

where the set of arcsE represents the roads (for simplicity, we use the term road

as a synonymous of road segment), and the set of nodesV represents the road

intersections. Each arce 2 E connects a start nodee:from 2 V to an end node

e:to 2 V , and each nodev 2 V is endowed with its coordinatesv:lng and v:lat

(i.e., longitude and latitude), representing its position on Earth. Besides that, the

road network graph can have additional information, such as the maximum allowed

speed and number of lanes in a road. Finally, each arce 2 E stores alinestring

(i.e., an ordered set of coordinates) representing its shape, where the �rst and last

coordinates are equal to the positions ofe:from and e:to, respectively.

De�nition 2. (GPS-based Trajectory) A GPS trajectory (also called raw trajec-

tory), denoted by Tgps = ( � 1; � 2; : : : ; � n ), is a series of sampling points ordered

6
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by timestamps with � i = ( � i :lng; � i :lat; � i :t), where � i :lng, � i :lat, and � i :t repre-

sent the longitude, latitude, and timestamp of the sampling point, respectively. A

GPS-based trajectory may have other attributes associated with each point, such

as the vehicle's speed� i :spd and direction� i :dir.

De�nition 3. (Road-Network Constrained Trajectory) A road-network constrained

trajectory T = ( t1; t2; : : : ; tn ) is an ordered set of connected roadst i 2 E that rep-

resent the path traveled by a vehicle. That is,8t i 2 (t1; : : : ; tn� 1), t i :to must be

equal to t i +1 :from. Besides,t1:from and tn :to represent the vehicle's initial and

�nal positions, respectively.

2.2 Trajectory Representations

A trajectory is a trace generated by the movement of some entity (e.g., person or vehicle)

over a speci�c time window. Although the movement is continuous, traces are usually

represented by a sample of the object's real movement due to limitations of location posi-

tioning devices [191], so it is not always possible to have a trajectory representation that

fully captures the movement of the object. In the context of vehicles, the most common

representations of trajectories areGPS-based trajectoriesand Road-network constrained

trajectories. Data representation formats are closely related to distance measures and

thus are intended to support a particular set of data mining tasks, such as similarity-

based search. Furthermore, accurate representations of vehicle trajectories are essential

for experiments of vehicular networks.

2.2.1 GPS-Based Trajectories

A GPS-based trajectory, also called a raw trajectory, is a trajectory representation di-

rectly obtained from the logs generated by GPS-equipped devices. As de�ned in Sec-

tion 2.1, a GPS-based trajectory is an ordered set of sampling points, where each point

contains a set of attributes, such as the timestamp and vehicle's coordinates.

A problem of raw trajectories is the trajectory uncertainty, which occurs because

positioning-devices record data at discrete time intervals and, therefore, we do not know

the real movement of a vehicle between a trajectory point and the following one. For

example, when a vehicle is moving at 60 kilometers per hour (1 km/min) and reporting

its location every 30 seconds, there is a movement gap of 500 meters, which means

that the actual position of the vehicle is unknown for most of this time interval. Most
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trajectory datasets contain such gaps, since location-acquisition devices usually record

the positions with a sampling interval of at least 30 seconds to reduce communication

loads and storage costs [30, 19]. On the one hand, some applications need to increase even

more the uncertainty of a trajectory to protect the user's privacy. On the other hand,

the uncertainty in trajectories hinders various data mining tasks, such as calculating the

distance between them. Figure 2.1 illustrates two di�erent trajectories (blue: A1-A2-A3,

and red: B1-B2-B3) that look similar if we take into consideration only the points of their

GPS-based representations. This misreading happens because of the gaps generated by a

low-sampling rate. Thus, many studies attempt to address the uncertainty of trajectories

by reducing or removing the gaps, modeling the uncertainty of trajectories, or inferring

the actual path of the trajectory. We discuss some of these methods below.

Figure 2.1: Two di�erent GPS-based trajectories that look similar because of the gaps

in the data.

Filling the Gaps

Interpolation is the most straightforward idea to remove the gaps in vehicular trajectories.

For instance, assuming that the vehicle moves straight from a sample to another, we

can apply linear interpolation [185] to represent the unknown movement. However, in

most situations, this technique is ine�ective because it is common for vehicles to follow
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curved paths. A better option is to use the road network to �nd the shortest path

between consecutive points and thereby improve the interpolation [120]. Other advanced

methods produce more accurate results by using historical trajectory data from the

same dataset of the analyzed trajectory [30, 19, 176]. Su et al. [176] and Celes et al. [30]

proposed an approach composed of a reference system and a calibration method. They

use anchor points from historical GPS datasets to construct the reference system, and

then the calibration method �nds trajectory data in the reference system to �ll the gaps.

Bedogni et al. [19] proposed a methodology to derive entire trajectories of individual

vehicles considering sparse and inaccurate samplings. Using that approach, it is possible

to reconstruct a given trajectory.

A further step would be to use the geographic constraints of the road network so as

not to insert points outside of the roads. Recent approaches use probabilistic models

to verify all possible sequences of modal activities (e.g., acceleration and deceleration)

between the trajectory points and then reconstruct a trajectory that has one sample per

second [80, 192].

Modeling the Uncertainty of Trajectories

Another approach is to model the uncertainty of trajectories and incorporate it into the

trajectory representation. In the past few years, many authors studied Markov chains

[60, 142, 157, 209] and other stochastic models [153, 186, 187] to represent better the

uncertain positions of moving objects. Pfoser and Jensen [153] proposed a technique

that �rst obtains the positions in-between the sampling points by using interpolation,

and then, computes two measurement errors, one about each position in time, and a

global worst-case error. They assume that the distribution of the measurement error of

GPS points is Gaussian. Besides that, they proposed a trajectory representation that

includes the movements as linearly interpolated positions and the parameters of the error

distributions associated with the movements. One drawback of this approach is that it

uses linear interpolation, which is not accurate to represent vehicle movement.

Trajcevski et al. [187] proposed a trajectory uncertainty model based on ideas similar

to the method presented by Pfoser and Jensen [153]. However, their uncertainty model

is a cylindrical volume in 3D, in contrast with the model give by Pfoser and Jensen [153],

which is an ellipse where the endpoints of the segments represent its foci. However,

like the trajectory model of Pfoser and Jenson [153], Trajcevski et al. [187] represent a

trajectory as a three-dimensional polyline. In other words, it uses linear interpolation

and therefore assumes that the movement of the entity between consecutive sample
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points follows a straight line at a constant speed. Trajcevski et al. Trajcevski et al. [187]

described an uncertainty model based on rectangles intended for scenarios in which we

know that the object has a movement restricted to a road network, but its correct lane

is unknown. However, they did not examine this method in their paper.

Trajcevski et al. [186] evaluated another model for trajectory uncertainty, which uses

the concepts introduced in [85]. In their model, the so-calledbeadsbounds the possible

whereabouts of a given object between the trajectory sampling points, and thenecklace,

which is a sequence of beads, represents the trajectory. This model has many properties

equivalently to the one proposed by Pfoser and Jensen [153]. The model assumes that

the only thing known about the moving object in-between two consecutive locations

points is that there is a threshold that bounds its maximum speed. Trajcevski et al.

[186] demonstrated through experiments that the beads/necklaces model could be used

to improve queries of certain types by using pruning strategies.

Lu et al. [125] proposed to reconstruct a complete trajectory of a mobile object

given its partial trajectories recorded in di�erent transportation modes (e.g., subway,

car, walk). Their solution, called trajectory splicing, must satisfy some expected re-

quirements: disjoint time overlap of the partial trajectories (i.e., they cannot have a

time overlap if they refer to the same object); spatial proximity of a sequence of par-

tial trajectories; and a set of partial trajectories should not be contained in a larger set

of trajectories. Trajectory splicing helps to build a complete trajectory when there is

uncertainty about the di�erent partial trajectories that might comprise the original one.

2.2.2 Road-network constrained trajectories

Vehicular trajectories have an essential feature that the trajectories of most of the other

kinds of moving objects do not have: are physically constrained to the road network.

Because of this, we can map vehicular trajectories to the roads respecting the turn

restrictions, and thus represent the movement of the vehicle better. We call this type

of representation a road-network constrained trajectory. When properly constructed,

a road-network constrained trajectory is more concise and precise than the GPS-based

trajectory (raw trajectory). Figure 2.2 illustrates a road-network constrained trajectory

in comparison with a GPS-based trajectory.

Road-network constrained trajectories are generally constructed from GPS-based tra-

jectories. However, GPS-based trajectories contain errors such as noise and outliers, as

satellite-based positioning systems do not always produce accurate data. These errors
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Figure 2.2: A GPS-based trajectory (pins on the map) and its representation as a road-

network constrained trajectory (red lines). Unlike the GPS-based trajectory, the road-

network constrained trajectory does not have positional errors.

mainly happen because of poor satellite visibility in urban regions, which results in the

occurrence of phenomena such as re
ection and di�raction [106]. Therefore, some prepro-

cessing techniques (e.g., noise �ltering and map matching) are employed to reconstruct

a road-network constrained trajectory [215].

In recent years, many authors proposed road network models and, consequently, road-

network constrained trajectories. For instance, we can use cubic spline interpolation to

model the curved shapes of road networks [12]. However, the most common representa-

tion of a road-network constrained trajectory is the more straightforward model de�ned

in Section 2.1, which applies concepts of graph theory. From that de�nition, a road-

network constrained trajectory T = (t1; t2; : : : ; tn ) is an ordered set of connected roads

(i.e., a path on the graph) that represents a route traveled by a vehicle. Additional data

can improve this representation. For instance, the trajectory data can also include the

o�sets that describe the vehicle's initial position at the �rst point t1 and �nal position

at the last point tn , the times of the beginning and end of the trajectory, and the mean

speeds of the vehicle in each road.
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2.2.3 Other Trajectory Representations

Trajectories datasets are usually large, which can bring challenges to data analysis tasks

when using representations like GPS-based trajectories or road-network constrained tra-

jectories. Therefore, in the last years, some authors have proposed dimensionality reduc-

tion, hashing, and other codi�cations to represent trajectories better and process large

scale datasets [33, 114, 154, 167].

Dimensionality Reduction

Road-network constrained trajectories have, by default, a lower dimension when com-

pared with GPS-based trajectories. This di�erence is because the positions of the former

are of only one dimension (i.e., the identi�er of the road segment), as opposed to the 2D

geospatial coordinates of raw trajectories. Instead of assigning random identi�ers to the

roads, one can use the Hilbert curve [83] to have a notion of space ordering of the road

segments, which can facilitate queries and indexing. This is the idea behind the method

proposed by Pfoser and Jensen [154] to reduce the dimensionality of trajectories. First,

they sort all network edges based on the Hilbert value of the middle point of the edge.

Then, they map all edges into sub-internals according to their ordering. The �rst edge

becomes the �rst sub-interval, which extends a distance that corresponds to its distance

in the road network. The second edge then starts where the �rst ends, and so on. Finally,

they map the trajectories from polylines to this new movement space by identifying the

edge where the vehicle was and how much of this edge the vehicle traveled. This method

can reduce the size of the trajectories as well as the dead space in the indexes. However,

a problem not discussed by the authors is how to map the movements of the vehicles to

the road network.

Binary-Encoded Trajectories

We usually express locations in real-world road networks by using hierarchical admin-

istrative districts, such as city, road name, and road number. This perception of the

hierarchy is not taken into account when we use space-�lling curves to represent trajec-

tories. Lee et al. [114] proposed a location encoding method that converts the positions

into a binary string and has the notion of hierarchy. Their approach consists of three

steps. The �rst step retrieves the address of the vehicle's location and expresses it as

a triplet (district, road, and location on the road). Then, the second step converts the

tree address �elds into three binary strings, and �nally, the last step joins the binary
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strings. They use R-tree [76] to �nd the closest road segments to each position and get

their address, and then, the Z-order curve [156] to encode the address as binary strings.

One drawback of this representation is that the trajectory data size can be large, as all

positions are encoded and concatenated without any compression. Equation 2.1 illus-

trates a 16-bits binary-encoded location consisting of four components, each one of four

bits. When using this representation, for each scenario, one needs to carefully design the

size of each component of the string so as not to waste memory. For instance, all road

segments should identify the same amount of locations, and thus, we need to divide the

longer segments into smaller ones so that every segment has similar sizes.

Binary-Encoded Location = 0100| {z }
Country

0111| {z }
District

1001| {z }
Road

0010| {z }
Location on Road

(2.1)

Hash-based Trajectories

Geohash is a widely-used public domain latitude/longitude geocoding system invented

by Gustavo Niemeyer [143]. In summary, a geohash is a hierarchical spatial data system

that uses the z-order space-�lling curve to map a point to a binary string. It works by

recursively dividing the space in half by straight lines, both horizontally and vertically,

until the squares bounded by the lines are small enough. The number of divisions per-

formed de�nes the accuracy of the geohash. Then, one can convert the sequence of bits

to an alphanumeric string by using a variant of the base 32 transfer encoding. Among

other features, geohashes allow precision control, its pre�xes for nearby positions are

similar, and one can remove some characters from the end of the geohash to save storage

space. Because of its properties, recent proposals use geohash to encode trajectory data

[15, 33].

Chapuis and Garbinato [33] proposed a method called geodab that combines hashing

and geohashing [143] to represent trajectories in a way that facilitates the processing of

dense trajectory datasets. A geodab is constructed from a sequence of points (i.e., from a

GPS-based trajectory) as follows. First, it computes a pre�x and a su�x for the geodab.

The pre�x is the geohash of the area that contains all points of the trajectory, and its

objective is to distribute di�erent geodabs on the Z-order curve [156] taking into account

the sample locations. The su�x is another hash, and it aims to re
ect the ordering of

the points. Finally, the hash and geohash are concatenated and encoded as a 32 bits

hash. The length of the hash can change according to the application requirements.

As it includes both hash and geohash, the 32-bits hash that represents the geodab can
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distinguish the trajectories considering both their paths and points ordering. The authors

[33] demonstrated how geodabs and a �ngerprinting algorithm, called winnowing [169],

can index trajectory datasets. Finally, they presented a scalable method to distribute

indexes of trajectories across di�erent clusters.

Application-based Trajectories

For speci�c scenarios, it is better to design the trajectory representation according to

the application. Tiesyte and Jensen [181] proposed a representation that is intended, for

example, to compare trajectories of collective transport. Their model assumes that the

vehicle locations are pre-de�ned and only takes into account the temporal component

of the trajectory. In other words, a trajectory is a function that receives as input a

location and provides as output the time the vehicle took to reach this location. Besides

that, this representation allows the construction of predictive similarity measures, that

is, similarity measures that assume that past similar trajectories are also similar in the

future.

Deep Representation Learning

Representation learning is a process that transforms input data to facilitate analysis

tasks such as building predictors. The idea is that the new representation has addi-

tional properties and preserves most information from the original data. We call deep

representation learning the techniques composed by a set of non-linear transformations

[22].

Recently, many studies proposed the application of representation learning for trajec-

tories [65, 117, 203]. For instance, Li et al. [117] introduced a novel deep learning-based

approach for trajectory representation. Their method, called t2vec, can perform similar-

ity computations of low-quality data accurately and e�ciently. The t2vec uses historical

GPS-trajectory information and deep learning techniques to infer and describe the route

information of a trajectory. After processing the trajectories to learn their representa-

tions, the time complexity to calculate the similarity between them is linear. In their

experiments, the t2vec framework showed to be more accurate and e�cient than the

similarity measures EDR [38], LCSS [190], and EDwP [159]. Trajectory Embedding

via road networks (Trembr) [65] is another deep learning-based approach for trajectory

representation. The main di�erence between Trembr and other related methods (e.g.,

t2vec) is that Trembr incorporates the underlying road network. To do this, they use
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a map-matching technique to map the sample points of raw trajectories onto the road

network, which then facilitates and constrains the learning process.

2.3 Chapter Remarks

In this Chapter, we introduced some basic de�nitions used in the remainder of this the-

sis. First, we de�ned a model to represent the road network and the two most common

trajectory representations. Then, we discussed these trajectory representations and al-

ternative representations in more detail, as it is a critical component of trajectory data

mining and the evaluation of vehicular networks.



Chapter 3

Vehicle Trajectory Similarity:

Models, Methods, and Applications

The increasing availability of vehicular trajectory data is at the core of smart mobil-

ity solutions. Such data o�er us unprecedented information to develop trajectory data

mining-based applications. An essential task of trajectory analysis is employing e�-

cient and accurate methods to compare trajectories. This Chapter presents a systematic

survey of vehicular trajectory similarity measures and provides a panorama of the re-

search �eld. First, we comprehensively review methods to compare trajectories and their

intrinsic properties. Then, we classify the methods according to the trajectory represen-

tation and features such as metricity, computational complexity, and robustness to noise

and local time shift. Last, we discuss the applications of vehicular trajectory similarity

measures and some open research problems.

3.1 Introduction

Mobility aspects of society are changing rapidly. As the cities grow and their mobility

requirements change, it is necessary to use new technologies and transportation modes

to move people and other loads like goods and animals in a smart way, leading to smart

transportation solutions [21]. Furthermore, the development of novel Information and

Communication Technologies (ICTs) is leading to a rise in the availability of mobility

datasets, which are acquired using several data sources. For instance, people can record

their real-world movements by carrying a mobile phone that generates spatial trajecto-

ries, logging their travel routes, and posting geotagged photos or making \check-ins" in

16
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social networks. Vehicles equipped with location acquisition devices can also generate

a massive amount of trajectory data. Currently, the Global Positioning System (GPS),

Europe's Galileo, and other Global Navigation Satellite Systems (GNSS) are the leading

technologies to provide autonomous geospatial positioning [56].

Vehicle trajectory data o�er us crucial information for applications in di�erent re-

search �elds (e.g., urban planning, tra�c analysis [44], location-based social networks,

data mining, and vehicular networks [48]). For instance, the analysis of popular routes is

useful for both route recommendations and the city's road development planning. Fur-

thermore, tra�c monitoring systems can predict tra�c congestion regions using historical

data.

A fundamental task of trajectory analysis is the comparison of trajectories. Based

on similarity measures, trajectories can be clustered, classi�ed, and retrieved [128]. Cur-

rently, there are several methods to calculate the similarity (alternatively, the distance)

between two or more trajectories, each one best suited for a particular scenario. For

some data analysis tasks, such as clustering, choosing a proper similarity measure plays

an important role [17]. Moreover, the representation of a trajectory in
uences the choice

of the most indicated method.

A sequence of raw GPS data is the most common vehicle trajectory representation.

Trajectories adopting this representation are called positioning-based trajectories. How-

ever, receivers of satellite-based positioning systems introduce errors to the recorded

locations. These errors are more common in metropolitan regions due to low satellite

visibility and phenomena that a�ect signal quality, such as strength attenuation and in-

terference [106]. Therefore, preprocessing techniques need to be employed to reconstruct

a road-network constrained trajectory [215]. For instance, map-matching is a technique

to snap each trajectory sample to the road network, and �lling the gaps aims at removing

the uncertainty between consecutive trajectory samples. For this representation, there

is another set of methods to compare the trajectories. In the remainder of this chap-

ter, we adopt the termsGPS-based trajectoryand positioning-based vehicular trajectory

interchangeable.

The trajectory similarity research �eld has been in evidence in the last couple of

years. However, most of the proposals in this area deal with the similarity of trajectories

of objects of any kind (e.g., hurricanes, people, vehicles). Therefore, there is a lack of

a systematic review that provides a detailed view of the �eld addressing the intrinsic

characteristics of terrestrial vehicular trajectories, such as the geographic restriction of

this type of trajectory to the physical de�nitions of the road network. To this end,
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this Chapter presents a survey of the methods and applications of vehicle trajectory

similarity.

3.2 Literature Review

The majority of the reviews presented in the past few years on trajectory similarity

focus on general GPS-based trajectories and their widely used similarity measures (i.e.,

ED, DTW, LCSS [190], ERP [37], and EDR [38]). They do not take into account the

di�erent set of trajectory representations and similarity measures for the case of vehicle

trajectories. Besides that, these surveys do not deliberate about the applications and the

suitability of the similarity measures. Table 3.1 summarizes these studies, their goals,

and methods covered.

Wang et al. [191] presented an experimental study aiming at comparing popular

trajectory distance functions (ED, DTW, PDTW [99], LCSS, ERP, and EDR). The

focus of the study is on similarity measures for GPS-based trajectories. The purpose

was to evaluate the e�ectiveness of the measures and demonstrate their advantages and

drawbacks in di�erent circumstances. To do this, they �rst created a dataset composed

of two sets of trajectories. The �rst set is theoriginal trajectories, while the second one,

calledtransformed trajectories, is constructed by changing the sampling rates and adding

noise or shift to theoriginal trajectories. They generated the transformed trajectories in

such a way that, if employing a suitable similarity measure, the similarity between both

sets of trajectories should be lower when the amount of transformation is higher, and

higher when the amount of transformation is lower. Wang et al. [191]x concluded that

each similarity measure deals better with a speci�c set of transformations. For instance,

although ED is very sensitive to noise, it is a suitable method for situations where the

compared trajectories are similar in terms of sampling interval and amount of point shift.

DTW-based methods exhibited results similar to those of ED. Lastly, LCSS is sensitive

to point shift modi�cations and robust to changes in the sampling rates and outliers.

Magdy et al. [128] presented another comparative study between trajectory similarity

measures. However, unlike Wang et al. [191], the paper focuses on the characteristics of

each method instead of presenting an experimental study. First, the authors classi�ed

each method evaluating if it considers both the temporal and spatial characteristics of the

trajectory or just the spatial characteristics. For the Spatio-temporal similarity methods,

a further classi�cation level informs if it takes into account the vehicle movement speeds,

or if it employs speci�c time series analysis techniques. Finally, they classi�ed Spatial
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Similarity methods regard the use of the trajectories spatial data, geometric shape, or

movement direction. Besides that, they compared the measures concerning their compu-

tational cost, whether the measure is metric or not, can handle trajectories of di�erent

lengths, and their robustness to deal with noise and local time-shifting. They compared

measures such as ED, DTW, ERP, EDR, LCSS-based approaches, Spatial Assembling

Distance, Hausdor� distance, Fr�echet distance, and Trajectory Match Algorithm.

Yu Zheng [215] conducted a systematic survey on trajectory data mining to pro-

vide a comprehensive view of this research area. On the issue of trajectory similar-

ity, the author addressed the main methods to estimate the similarity (alternatively,

the distance) between trajectories. The article summarizes some well-known methods

to compute the distance between GPS-based trajectories, such as closest-pair distance,

DTW, LCSS-based, EDR, and ERP. Then it describes two measures of distance be-

tween trajectory segments, named Minimum Bounding Rectangles (MBR) distance and

Trajectory-Hausdor� distance.

Toohey and Duckham [183] compared four trajectory distance functions: LCSS,

Fr�echet distance, DTW, and EDR. The authors coded the methods in a package using

the R programming language and made the package available for free. The comparison

between the measures was performed through experiments with a dataset of delivery

drivers in the United Kingdom. The results showed a strong correlation between the

values of the Fr�echet distance and DTW, and between EDR and LCSS.

Besse et al. [23] tackled the issue of how to cluster GPS-based trajectories using the

distances between them. They provided a review of four similarity measures (DTW,

LCSS, EDR, and ERP). Also, they presented a novel distance function called Sym-

metrized Segment-Path Distance (SSPD). The authors implemented the �ve methods in

a python package and made it available for free.

This survey di�ers from the studies mentioned above once our focus is to present and

discuss trajectory analysis techniques regarding di�erent trajectory representations. At

the same time, the related work typically covers methods for raw GPS-based trajectories.

This perspective is fundamental since any investigation in this area should start with the

trajectory representation and, then, proceed in the study of a particular research issue but

considering all aspects de�ned for that representation. Thus, for each representation, we

provide a discussion regarding the state of the art of the corresponding methods. Finally,

we highlight and discuss various applications that depend on similarity measures. In this

way, we advance the understanding of this research area.
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3.3 Methods

Several methods are available to measure the similarity of vehicle trajectories. Each

method has a speci�c set of properties. We present the properties that trajectory simi-

larity measures can have in Section 3.3.1. Furthermore, the most proper method depends

on how we represent trajectories. In Section 3.3.2, we present a comprehensive review

of the methods to compare GPS-based trajectories and, in Section 3.3.3, we review the

similarity measures for road-network constrained trajectories.

3.3.1 Properties

Metricity We can classify similarity measures according to whether or not it is a

metric. The advantage of being a metric is that the measure can be indexed directly

by known distance-based indexing techniques. We call a distance functionD(A; B )

(associated with a given similarity measure) as a metric if, given trajectoriesA, B , and

C, it satis�es the conditions below.

ˆ Uniqueness:D(A; B ) = 0 , A = B

ˆ Nonnegativity: D(A; B ) � 0

ˆ Symmetry: D(A; B ) = D(B; A )

ˆ Triangle Inequality: D(B; C) � D(A; B ) + D(A; C)

E�ciency Trajectory similarity is a crucial component of data mining tasks, and in

most cases, it is used to search for trajectories in massive datasets. Thus, it is primordial

to have methods of low computational complexity to calculate the similarity between

trajectories.

Local time shifting Vehicles are allowed to move at di�erent speeds, and location-

acquisition devices can acquire data at di�erent sampling rates. For instance, two tra-

jectories can follow the same path but at di�erent timestamps. The shifts in the sample

acquisition times can even be only in some parts of the trajectories. Thus, vehicle tra-

jectory similarity measures need to be able to take into account local time shifts when

computing the distance between trajectories.
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Di�erent lengths Vehicular trajectories can have di�erent lengths. Thus, similarity

measures need to be able to handle trajectories that do not have the same number of

samples, if they are GPS-based trajectories, and that have a di�erent number of road

segments if they are road-network constrained trajectories.

Robustness to noise and outliers Most of the noise in GPS-based trajectories come

from the fact that satellite-based positioning systems have precision errors. For instance,

these errors are more common in metropolitan regions due to low satellite visibility and

phenomena that a�ect signal quality [106]. In addition to noise, anomalies in the sensor

collecting the data might introduce outliers into GPS-based trajectories. For methods

based mostly on points distance, these outliers can result in similarity measures that are

quite di�erent from reality. One solution for this is to apply preprocessing techniques

to remove outliers from the trajectories before comparing them. As for the noises, one

drawback of most solutions that are robust to this is that they violate the triangle

inequality because they do not take into account the di�erent sub-trajectories equally

[190].

Parameter-free Some methods introduce parameters to compare trajectories, such as

a threshold to match similar geospatial points. The problem with approaches like the

aforementioned is that the parameters need to be adjusted a priori per each scenario.

Completeness It compares trajectories as a whole instead of just segments of the

trajectories.

3.3.2 Methods for GPS-based trajectories

GPS-based vehicular trajectories are a particular case of time series, and thus most of

the similarity measures to compare them were initially proposed to compare time series.

However, we cannot directly apply similarity measures for time series to compare GPS-

based trajectories due to the unique characteristics of the later. For instance, vehicular

trajectories usually have two or three dimensions, while most of the measures to compare

time series focus on one-dimensional data. Besides that, GPS-based trajectories can have

many outliers because of precision errors in satellite-based positioning systems. Another

di�erence is that the di�erent sampling rates, speeds, moving patterns, and regions of

vehicle trajectories may introduce local time shifts into it. Thus, we need to adapt the

similarity measures for time series before using it to compare vehicular trajectories.
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Table 3.2 compiles the main notations used throughout this chapter.

Euclidean Distance (ED)

Euclidean Distance (alternatively, L2 Norm) is a well-known function commonly used

to calculate the distance between time series. In the context of vehicle trajectories,

the euclidean distance between two trajectories of the same length is the average of

the distances between ordered pairs of points of the two trajectories. Formally, given

trajectories T1 and T2, the Euclidean distance between T1 and T2 is:

ED (T1; T2) =
P n

i =1 dist (� 1
i ; � 2

i )
jT1j

(3.1)

The main drawback of ED, besides not being able to compare di�erently sized tra-

jectories, is that it cannot handle local time-shifting. Instead, it compares trajectory

points one by one by using their indexes. As the compared points may be far apart

from each other, especially considering trajectories of di�erent speeds, ED cannot handle

trajectories of di�erent sizes and struggles with outliers and noise. On the other hand,

ED is a metric, and so is easily indexable. Furthermore, ED is parameter-free, which

makes it a suitable option to compare long trajectories.

Dynamic Time Warping based Measures (DTW)

Like ED, DTW is a distance measure originally proposed to compare time series. DTW

�nds the match of minimal cost, where each point of the �rst trajectory is paired to one

or more consecutive points of the second trajectory while respecting some restrictions.

Moreover, DTW allows the comparison between trajectories of di�erent lengths, and its

original de�nition is also parameter-free. Although DTW is non-metric, many studies

in the literature propose approximate and exact indexing techniques to provide a fast

search of trajectories [98]. Figure 3.1 illustrates DTW in comparison with the Euclidean

Distance.

Given two vehicular trajectoriesT1 and T2, one can compute its distance using Dy-

namic Time Warping DTW (T1; T2) using Equation 3.2.
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(a) Matching using Dynamic Time Warp-
ing.

(b) Matching using Euclidean Distance.

Figure 3.1: Unlike ED, DTW supports shrinkage or stretching of trajectories in the

time axis to provides a better adjustment of the points, and thus represents a more

sophisticated distance measure.

DTW (T1; T2) =

8
>>>>>>>><

>>>>>>>>:

0; if jT1j = jT2j = 0

1 ; if jT1j = 0 or jT2j = 0

dist (Head(T1 );Head(T2 ))+min

8
>>>>>>><

>>>>>>>:

DT W (Rest (T1 );T2 )

DT W (T1 ;Rest (T2 ))

DT W (Rest (T1 );Rest (T2 ))

; otherwise

(3.2)

Warping path is the sequence of steps that computes the value ofDTW (T1; T2). As

this process has optimal substructure and overlapping sub-problems, it is implemented

using dynamic programming. The computational complexity of DTW isO(jT1j � j T2j),

which makes it much slower than other similarity measures, such as the Euclidean Dis-

tance. Thus, many studies proposed pruning methods to makes faster the similarity-

based queries that use DTW [98, 99, 166].

Keogh and Pazzani [99] proposed the Piecewise Dynamic Time Warping (PDTW) to

compute approximate values of the DTW distance e�ciently. Their technique reduces

the size of the time series by a piecewise aggregate approximation and, consequentially,

makes the DTW faster by a constant factor that depends on input data, but typically

one or two orders of magnitude. They showed through experiments that PDTW provides

accurate approximations of the DTW distance.

FastDTW [166] is an approximation algorithm of DTW that uses a multilevel ap-

proach starting from a downsampled version of the time series and iteratively performs

the following steps. First, it �nds the warping path on the lower resolution grid. Then,
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it projects the solution on a higher resolution grid and de�nes a �rst warp path band

which is adjustable with a radiusr parameter. The last step of the iteration is to re�ne

the solution by evaluating the higher-level grid limited to this band. Both the time and

space complexities of FastDTW are linear.

Mao et al. [129] proposed the Segment-based Dynamic Time Warping (SDTW), which

is the integration of three distance measures with the traditional DTW algorithm. Given

the points � 1
i of trajectory T1 and � 2

j of trajectory T2, the point-segment distance between

them is their spatial distance taking into account their neighboring points and is used

to reduce the sensitivity of the method to the sampling rate of the trajectories. Given

that � 1
i has an earlier timestamp and� 2

j has a later timestamp, the prediction distance

between them is the distance between� 1
i and the approximate position of� 2

j at the earlier

timestamp. Finally, the segment-segment distance combines an adjustable parameter!

and the spatial, temporal, and angle distances. According to Mao et al. [129], the pre-

diction distance employs the trajectory data features to optimizes the temporal distance.

Also, the segment-segment distance is aware of the trajectory shape and thus improve

the similarity measure accuracy. Despite its good accuracy, SDTW presents a high time

complexity equal toO(log (jT1j + jT2j) � jT1j � j T2j).

Edit Distance-based Measures

The concept ofedit distance was initially proposed to compare strings and then was

employed to measure the similarity of time series. In the context of strings, edit distance

is the smallest amount of operations (insertion, deletion, and replacement) required to

make both strings equals [139]. We callsimple edit distance(or edit distance) if all

operations cost one, andgeneral edit distanceif the operations have di�erent costs, or

if the costs change according to the characters associated with the operation. Finally,

if only insertions and deletions at cost one are allowed, we call it the Longest Common

Subsequence (LCSS).

To compare trajectories using the LCSS, we usually de�ne a threshold to match points

that are close to each other. Vlachos et al. [190] proposed an LCSS-based algorithm to

estimate the similarity between trajectories. It is non-metric and relies on two parame-

ters, named� and � . � controls how far in time a point of the �rst trajectory can go to

match a point of the second one, and� is the matching threshold. Formally, the LCSS

between a pair of trajectories as presented by Vlachos et al. [190] is:



Vehicle Trajectory Similarity: Models, Methods, and Applications 25

LCSS�;� (T1; T2) =

8
>>>>>>>>><

>>>>>>>>>:

0; if jT1j = 0 or jT2j = 0

1 + LCSS�;� (Rest(T1); Rest(T2)) ; if dist (Head(T1); Head(T2)) < �

and jjT1j � j T2jj � �

max

8
<

:
LCSS�;� (Rest(T1); T2)

LCSS�;� (T1; Rest(T2))
; otherwise

(3.3)

Finally, they normalize the LCSS by dividing it by the number of samples of the

shortest trajectory. The method proposed by Vlachos et al. issymmetric, that is,

LCSS�;� (T1; T2) is equal to LCSS�;� (T2; T1), and has time complexity equal toO(� �

(jT1j + jT2j)) (although that of LCSS originally is O(jT1j � j T2j)).

Edit Distance on Real Sequence (EDR) [38] is a similarity measure with characteristics

close to the LCSS. The main di�erence between LCSS and EDR is that EDR assigns

penalties when a point on one trajectory does not match the point on the other trajectory.

Formally, EDR between two trajectories is:

EDR (T1; T2) =

8
>>>>>>>>><

>>>>>>>>>:

jT2j; if jT1j = 0

jT1j; if jT2j = 0

min

8
>>><

>>>:

EDR (Rest(T1); Rest(T2)) + subcost

EDR (Rest(T1); T2) + 1

EDR (T1; Rest(T2)) + 1

; otherwise

(3.4)

wheresubcost= 0 if dist(Head(T1); Head(T2)) < � and subcost= 1 otherwise.

Like other edit distance-based methods, we can apply dynamic programming to com-

pute EDR and its time complexity is quadratic (O(jT1j � j T2j)), which makes using it

with sequential scan on large databases a slow procedure. Besides that, EDR uses a

threshold � to reduce the e�ects of noise. EDR is not a metric because the employ-

ment of the threshold makes it violates the triangle inequality. Therefore, we can not use

distance-based indexing techniques to improve trajectory search using the EDR distance.

Chen and Ng [37] presented the Edit Distance with Real Penalty (ERP), which is

metric and so can cope with some indexing problems of other methods. Besides that,

ERP supports local time shifting. The idea of ERP is to use a constant reference point

g instead of a threshold� to compute distances. Chen and Ng [37] proved that ERP
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satis�es the triangle inequality regardless of the value ofg. However, they suggested

using g equal to zero. Equation 3.5 de�nes ERP.

ERP (T1; T2) =

8
>>>>>>>>><

>>>>>>>>>:

P jT2 j
i =1 dist(� 2

i ; g); if jT1j = 0
P jT1 j

i =1 dist(� 1
i ; g); if jT2j = 0

min

8
>>><

>>>:

ERP (Rest (T1 );Rest (T2 ))+ dist (Head(T1 );Head(T2 ))

ERP (Rest(T1); T2) + dist(� 1
1; g)

ERP (T1; Rest(T2)) + dist(� 2
1; g)

; otherwise

(3.5)

ERP has the same computational behavior of EDR, LCSS, and DTW, and thus its

time complexity is O(jT1j � j T2j). However, unlike the other distance functions, ERP is

a metric, so it can be used to prune unnecessary trajectories by applying the triangle

inequality.

Time Warp Edit Distance (TWED) [130] is a distance measure presented as an al-

ternative to ERP as it has the same features of ERP. The main di�erence between them

is that TWED employs the samples acquisition times during the computations. TWED

introduces two parameters,� and � . The �rst parameter, � , applies higher penalties to

matched points that are farther away from each other concerning their acquisition times,

and � is the penalty for the deletions. Formally, the TWED between two trajectories is:

TWED �;� (T1; T2) =

8
>>>>>>>>><

>>>>>>>>>:

0; if jT1j = jT2j = 0

1 ; if jT1j = 0 or jT2j = 0

min

8
>>><

>>>:

T W ED �;� (Rest (T1 );T2 )+�( � 1
1 )

T W ED �;� (T1 ;Rest (T2 ))+�( � 2
1 )

T W ED �;� (Rest (T1 );Rest (T2 ))+�( � 1
1 ;� 2

1 )

; otherwise

(3.6)

where

�( � j
i ) = dist(� j

i ; � j
i +1 ) + � � (� j

i :t � � j
i +1 :t) + � (3.7)

�( � 1
i ; � 2

j ) = dist(� 1
i ; � 2

j ) + dist(� 1
i +1 ; � 2

j +1 ) + � � (j� 1
i :t � � 2

j :tj + j� 1
i +1 :t � � 2

j +1 :tj) (3.8)

and � i
jTi j+1 (one index after the last point of the trajectory) represents a point with value

zero.
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Edit Distance with Projections (EDwP) [159] is a parameter-free distance function

aimed at trajectories that have di�erent sampling rates. The �rst step of EDwP is to

convert the GPS-based trajectory into line segments through linear interpolation. Then,

given two trajectories T1 and T2 that are presented as segment sequences, the EDwP

between them is the least expensive set ofinsert and replaceoperations that make them

identical. Like most edit distance based functions, EDwP takes into account local time

shift and has a quadratic computational cost. On the other hand, EDwP robust against

sampling rate variations. Equation 3.9 formally de�nes the EDwP.

EDwP (T1; T2) =

8
>>>>>>>>><

>>>>>>>>>:

0; if jT1j = jT2j = 0

1 ; if jT1j = 0 or jT2j = 0

min

8
>>><

>>>:

EDwP (Rest (T1 );Rest (T2 ))+ RepCost(T1 ;T2 )

EDwP (Ins (T1 ;T2 );T2 )

EDwP (T1 ;Ins (T2 ;T1 ))

; otherwise

(3.9)

where

RepCost(T1; T2) = Rep(T1:e1; T2:e1) � Coverage(T1:e1; T2:e1) (3.10)

Rep(e1; e2) = dist(e1:s; e2:s) + dist(e1:e; e2:e) (3.11)

Coverage(e1; e2) = length(e1) + length(e2) (3.12)

and ei represents a line segment created by the linear interpolation between two con-

secutive points. ei :s and ei :e represent the �rst and last points, respectively, of the line

segmentei . Ti :e1 represents the �rst line segment of the trajectoryTi . Finally, Ins (T1; T2)

is an operation to aid robust matching that returns a modi�ed version ofT1. It works

by introducing one extra point between the �rst two points of T1. Thus, Ins (T1; T2)

e�ectively divides the �rst line segment of T1 (T1:e1) into two segments. The split point

is the point on T1:e1 that is spatially closest to the endpoint of the �rst line segment of

T2 (T2:e1:e).

The results of EDwP depends on the length of the trajectories, as it is the sum of

every operation. Therefore, in certain situations, it is better to normalize the results of

EDwP. To do this, we divide the EDwP by the sum of the lengths of trajectoriesT1 and

T2.
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Fr�echet Distance

Fr�echet Distance [62], illustrated in Figure 3.2, is one of the most popular similarity

measures and falls within the category of geometric shape based measures. A classic

example to illustrate Fr�echet distance between two trajectories is that of a man walking

his dog. The man is traversing a �nite curved path while walking his dog on a leash,

and the dog is traversing a di�erent one. Both man and dog may have di�erent speeds

at di�erent times, but they cannot move backward. The Fr�echet distance is the length

of the smallest leash su�cient for both to traverse their separate paths. The advantage

of the Fr�echet distance is that it can compare trajectories that have di�erent sizes and

sampling rates. However, the Fr�echet distance is not robust to noise and outliers, nor it

tackles local time shifting.

Figure 3.2: The bold dashed line represents the discrete Fr�echet distance between the

trajectories. In this example, the discrete Fr�echet distance coincides with the Hausdor�

distance.

The concept of Fr�echet distance is for continuous curves, but for some applications

(e.g., analysis of vehicle trajectories), it is often useful to use polygonal curves. Alt and

Godau [7] presented an exact algorithm based on a parametric search that receives as

input two polygonal curves and computes their Fr�echet distance inO(jT1j � j T2j � log(jT1j �

jT2j)). To address the high computational complexity of the algorithm proposed by Ant

and Godau, Eiter and Mannila [57] presented a discrete version of the Fr�echet distance

for polygonal curves calledcoupling distance. The idea of coupling distance is to look

at all possible couplings between the endpoints of the polygonal curves line segments.

Eiter and Mannila [57] showed that the coupling distance is a good approximation to the

Fr�echet distance and presented an algorithm that computes it inO(jT1j � j T2j).
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Hausdor� Distance

Hausdor� distance, also called Pompeiu-Hausdor� distance, is a metric measure similar

to Fr�echet distance. In the context of GPS-based trajectories, it is the longest of all

distances from a location in one trajectory to the nearest location in the other trajectory,

and vice versa. The main di�erence between Fr�echet and Hausdor� distances is that the

order of points a�ects the former distance but not later one. In Figure 3.2, the Hausdor�

distance coincides with the discrete Fr�echet distance. Figure 3.3 illustrates the di�erence

between the two distance measures.

Figure 3.3: The di�erence between Hausdor� distance and Fr�echet distance.

Equation 3.13 de�nes the Hausdor� distanceDist Hausdorf f between two GPS-based

trajectoriesT1 and T2. The computational complexity of the Hausdor� distance isO(jT1j�

jT2j), the same as that of discrete Fr�echet distance.

Dist Hausdor� (T1; T2) = max

(

max
� 1

i 2 T1

min
� 2

j 2 T2

dist(� 1
i ; � 2

j ); max
� 2

j 2 T2

min
� 1

i 2 T1

dist(� 1
i ; � 2

j )

)

(3.13)

Other methods

Other methods are designed by considering the actual applications. Chen et al. [40]

proposed a similarity function that combines the characteristics of LCSS, in the sense

that it can ignore samples that do not have good match candidates in the other trajectory,

and DTW, which can match a trajectory point with more than one point of the other

trajectory. It works by matching each point of one trajectory to only one point of the

other trajectory. Therefore, Chen et al. [40] designed their method for situations where

the �rst trajectory represents a few query locations, and the object is to verify whether

the query locations match with the trajectory instead of verifying whether the trajectory
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and the query locations are similar in shape. Given two trajectoriesT1 and, T2, their

similarity measure as proposed by Chen et al. [40] is:

Simo(T1; T2) =

8
>>><

>>>:

0; if jT1j = 0 or jT2j = 0

max

8
>><

>>:

e� dist ( Head ( T1 ) ;Head ( T2 )) + Sim o (Rest(T1 );T2 )

Sim o (T1 ;Rest(T2 ))

; otherwise

(3.14)

With the exponential function e� dist (Head(T1 );Head(T2 )) , points that are closer to each

other receive a much higher similarity value compared to those that are far away. In other

words, the contribution exponentially decreases asdist(Head(T1); Head(T2)) linearly

increases.

Ta et al. [178] presented a bi-directional similarity (BDS) measure to support solutions

of the trajectory similarity join problem. Trajectory similarity join is the task of �nding

every pair of similar trajectories from di�erent datasets. BDS works by aligning each

point of one trajectory to the nearest location on the other trajectory, which is not

necessarily a sample of the trajectory, and vice versa. The overall complexity of BDS is

O(jT1j � j T2j).

Other methods use the shape formed by the line strings of two trajectories to compute

the distance between them. For instance, the Locality In-between Polylines (LIP) [152]

sums the areas of all polygons formulated between intersection points, which in turn are

generated by the overlay of the trajectories in the two-dimensional plane. They use linear

interpolation between consecutive points to represent the line segments. Besides that,

LIP uses the length of the segments as weights to the areas of the polygons. Equation 3.15

de�nes LIP.

LIP (T1; T2) =
X

8polygon i

Areapolygon i
� wi (3.15)

Pelekis et al. [152] proposed, in addition to LIP, a time-aware distance function called

STLIP that takes into account the time factor. In summary, STLIP is a multiple of

LIP weighted by a penalty de�ned by the user that adds the time factor to the distance

function. The time complexity of LIP and STLIP is O(N � log(N )), whereN = jT1j + jT2j.

NeuTraj [202] is a generic approach based on neural metric learning that acceler-

ates approximate trajectory similarity computations for any measure discussed above.

In summary, NeuTraj uses the pair-wise similarities of a sample of a given trajectory
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database as guidance to a recurrent neural network (RNN) that approximates a generic

distance function, such as DTW, Hausdor�, and ED. Once the neural network is con-

structed, NeuTraj computes the approximate distance between two trajectories in linear

time.

Table 3.3 summarizes the similarity methods for GPS-based trajectories and their

properties.

3.3.3 Methods for road-network constrained trajectories

The most common representation of road-network constrained trajectories is as an or-

dered set of connected road segments from a given road network. Therefore, some pro-

posals use operations from set theory to measure the similarity between these trajectories

[196, 200]. However, instead of using the number of segments in common, we can use the

lengths of each segment. For instance, Won et al. [196] presented a dissimilarity measure

called Dissimilarity with Length (DSL) to cluster road-network constrained trajectories.

The DSL between two trajectories is the sum of the road lengths of their disjoint set,

divided by the sum of the lengths of both trajectories. Formally:

DSL (T1; T2) =
Ld(T1; T2)

L s(T1) + L s(T2)
(3.16)

whereLd(Ti ; Tj ) is the sum of the road lengths of the disjoint set ofTi and Tj , and L s(Ti )

is the total length of the roads ofTi .

A drawback of the method proposed by Won et al. [196] is that it does not identify

the similarity of trajectories that are close to each other but do not have segments in

common. Besides that, the DSL method does not take into account the trajectories

timestamps nor their speeds.

Xia et al. [200] proposed a method based on the Jaccard similarity coe�cient [179] to

calculate the spatiotemporal similarity between road-network constrained trajectories.

Equation 3.17 de�nes its spatial component, whereL c(T1; T2) is the sum of the road

lengths contained in the intersection set of trajectoriesT1 and T2, and L s(Ti ) is the sum

of the road lengths of trajectoryTi .

SSim(T1; T2) =
L c(T1; T2)

L s(T1) + L s(T2) � L c(T1; T2)
(3.17)

They compute the temporal componentTSim(Ti ; Tj ) of the similarity measure by

replacing, in Equation 3.17, the spatial lengthsL s by lifespans of the temporal dimen-
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sion L t . The authors argue that the trajectories should be considered as spatiotemporal

similar when the spatial and temporal similarities are both high. Thus, the spatiotem-

poral similarity measureSTSim(Ti ; Tj ) between trajectories is the product of the spatial

similarity measureSSim(Ti ; Tj ) and the temporal similarity measureTSim(Ti ; Tj ).

The similarity measures presented by Xia et al. [200] and Won et al. [196] are similar,

and thus have the same drawbacks. First, their methods do not identify the similarity

of trajectories that are close to each other and that do not have segments in common.

Their methods also do not take into account either the timestamps of the trajectories or

the speeds of the vehicles. Finally, both methods have high computational complexity.

For particular applications, such as trajectories searching, we can compute the simi-

larity between road-network constrained trajectories according to a collection of Points

of Interest (POIs) or Times of Interest (TOIs). For instance, one can be interested in

trajectories that passed through some places at some time intervals. Hwang et al. [88]

proposed a spatial similarity measure and a temporal similarity measure for road-network

constrained trajectories, which considers the (Sid ; d; t) coordinate system instead of the

Euclidean space, whereSid is a road segment identi�er,t is the timestamp of the sampling

point, and d is the distance between the current position and the starting location of the

road segment. The authors [88] applied both spatial and temporal similarity measures

in a trajectory search technique that uses the spatial similarity to select some trajecto-

ries and then employs the temporal similarity measure to improve the selection. They

consider two trajectories similar if they pass through the same POIs. According to the

authors, the POIs can be, for instance, relevant places de�ned according to application

criteria. Few applications can use their method because of the necessity to de�ne in

advance the points of interest. Equation 3.18 de�nes the spatial similarity of trajectories

T1 and T2 using a set of POIsP.

SimP OI (T1; T2; P) =

8
<

:
1; if 8p 2 P, p 2 T1 ^ p 2 T2

0; otherwise
(3.18)

Equations 3.19 and 3.20 de�ne the temporal component of the similarity measures.

Equation 3.19 computes the distance considering one point of interest, while Equa-

tion 3.20 considers a set of points of interest.

Dist T (T1; T2; p) = jt(T1; p) � t(T2; p)j (3.19)
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Dist T (T1; T2; P) =

 
kX

i =1

jt(T1; pi ) � t(T2; pi )j
k

! 1
k

(3.20)

wherek is the size of the set of points of interestP and t(Ti ; p) represents the timestamp

of the moment whenTi pass through the point of interestp. If p is neither contained in

T1 nor T2, then it is assumed a in�nity temporal distance.

Hwang et al. [89] extended their previous work [88] by introducing the concept of

TOI on road networks. The TOI can represent, for instance, the peak hours where there

are most tra�c jams. The temporal similarity between two trajectories T1 and T2 using

a set of TOIsT is:

SimT OI (T1; T2; T) =

8
<

:
1; if 8t 2 T, t 2 [T1:s; T1:e] ^ t 2 [T2:s; T2:e]

0; otherwise
(3.21)

whereTi :s and Ti :e represent the times when the trajectory started and ended, respec-

tively.

Hwang et al. [89] also proposed Equation 3.22 to calculate the trajectories spatial

distance, taking into account the set of times of interest TOI.

Dist T OI (T1; T2; TOI ) =
kX

i =1

dist(p(T1; TOI i ); p(T2; TOI i )) (3.22)

wherep(Ti ; TOI j ) denotes the point ofTi in the timestamp TOI j and k is the size of set

TOI .

The measures proposed by Hwang et al. [88, 89] have several drawbacks. First, the

fact that the sets POIs and TOIs need be de�ned in advance by users restricts their

usage to few applications and may lead to erroneous conclusions if the POIs and TOIs

are not adequately de�ned. Besides that, the similarity space (1, if the trajectories are

similar, and 0 otherwise) only informs if the trajectories are similar or not. However, in

most situations, it is better to know how similar the trajectories are.

Abraham and Lal [4] presented a spatiotemporal similarity measure to overcome the

lack of similarity level notion of the approach proposed by Hwang et al. [88, 89]. Their

method, which compares road-network constrained trajectories that are represented by

a binary encoding scheme [114], takes into account the hierarchical components of the

binary-encoded location. To this, they consider each location's component separately.
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Besides the binary encoding scheme, they use dimensionality reduction [3] to manage

the road network data.

Tiakas et al. [180] proposed another approach to overcome the drawbacks of Hwang'

measures. They de�ned a set of distance functions (metrics). For instance,Dnetwork

and D time compare trajectories in space and in time, respectively, andD total is the total

(combined) distance, which is weighted by two parameters that de�ne the importance of

space and time factors. Formally,D total is de�ned as:

D total (T1; T2) = Dnetwork (T1; T2) � Wnetwork + D time (T1; T2) � Wtime (3.23)

Like other similarity measures for road-network constrained trajectories, the method

proposed by Tiakas et al. [180] describes the road network as a directed graph. In

summary, the network distanceDnetwork computes routing distances taking into account

the graph of the road network, and the time distanceD time computes the time required

to travel between two consecutive nodes. The distance measuresDnetwork , D time , and

D total can handle only equally sized trajectories. To overcome this issue, they proposed

a decomposition process that splits the trajectories into sub-trajectories of equal size,

and then, they index the sub-trajectories by M-trees. Although all distance measures

proposed by Tiakas et al. [180] are metrics, the introduction of theWnetwork and Wtime

parameters is a disadvantage of their approach.

Aiming at big trajectory data clustering, Kumar et al. [111, 110] proposed a DTW-

based method, called trajDTW, that employs the Dijkstra algorithm to compute road-

network constrained trajectory similarities. The trajDTW de�nes a window parameter

w, which is equal to half the size of the shortest trajectory, to avoid overestimation of

the real distance. The authors demonstrated in [111] the superiority of the trajDTW

over DSL and Hausdor� distance measures. However, to be faster, trajDTW requires the

pre-computation of the distances between all pairs of edges in the road network [161].

Longest Common Road Segments (LCRS) [211] similarity measure is a version of the

LCSS function adapted to road segments. First, LCRS computes the longest common

road segments between two road-network restricted trajectories in terms of road segment

lengths instead of the number of road segments (Equation 3.24). Next, it normalizes the

length of these segments using a method similar to Jaccard (Equation 3.25). We can

compute the LCRS between two trajectories using a dynamic programming algorithm

with quadratic time complexity. Also, LCRS shares other features of LCSS, such as

being able to compute the similarity between trajectories of di�erent sizes, and not

being a metric.
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LCRS(T1; T2) =

8
>>>>>>>>><

>>>>>>>>>:

0; if jT1j = 0 or jT2j = 0

length(Head(T1))+

LCRS(Rest(T1); Rest(T2)) ; if Head(T1) = Head(T2)

max

8
<

:
LCRS(Rest(T1); T2)

LCRS(T1; Rest(T2))
; otherwise

(3.24)

LCRSnormalized (T1; T2) =
LCRS(T1; T2)

jT1j + jT2j � LCRS(T1; T2)
(3.25)

Road Segments Distance

When comparing road-network constrained trajectories, one can consider the di�erence

between the shapes of each road segment of the trajectories. To this end, we can use the

concept of Minimum Bounding Rectangles (MBR) or the Trajectory-Hausdor� Distance.

Figure 3.4a illustrates the distance of two trajectory segments using their MBRs.

The MBR of a line segmentSi is described by the coordinates of its lower bound (x l ; yl )

and upper bound (xu; yu) points. Equation 3.26 de�nes the MBR-based distanceDMBR

between two trajectory segments. In the example, the MBR distance betweenS1 and S2

is 0 and betweenS3 and S4 is y3
l � y4

l .

DMBR (S1; S2) =
q

(�([ x1
l ; x1

u]; [x2
l ; x2

u]))2 + (�([ y1
l ; y1

u]; [y2
l ; y2

u]))2 (3.26)

where �([ x1
l ; x1

u]; [x2
l ; x2

u]) is the distance between two intervals, de�ned as:

�([ x1
l ; x1

u]; [x2
l ; x2

u]) =

8
>>><

>>>:

0; if [x1
l ; x1

u] \ [x2
l ; x2

u] 6= ;

x1
l � x2

u; if x1
l > x 2

u

x2
l � x1

u; if x2
l > x 1

u

(3.27)

The Trajectory-Hausdor� distance, as proposed by Lee et al. [113], compares trajec-

tory segments by joining together the parallel (dk), angular (d� ), and perpendicular (d? )

distances. Lee et al. [113] created their distance function by adapting techniques used

in the pattern recognition research �eld, which in turn were inspired by the Hausdor�

distance. Therefore, Zheng called the method of Lee et al. [113] as Trajectory-Hausdor�

Distance (TDHaus ) in [215]. Formally,
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TDHaus(Si ; Sj ) = ! ? � d? + ! k � dk + ! � � d� (3.28)

where d? =
l2? ;a + l2? ;b

l? ;a + l? ;b
, dk = min (lk;a; lk;b), d� = jSj j � sin� , and the weights! ? , ! k, and

! � are de�ned according to the application requirements. Figure 3.4b illustrates these

components.

(a) Minimum Bounding Rectangles distance. (b) Trajectory-Hausdor� distance.

Figure 3.4: The Minimum Bounding Rectangles (MBR) and Trajectory-Hausdor�

(TDHaus ) distance measures for line segments.

3.3.4 Methods for Other Trajectory Representations

For trajectory representations where the positions of the vehicle are pre-de�ned, and

only the temporal component of the trajectories is of interest, the shrinkage or stretch-

ing of trajectories is not allowed, and thus, methods such as DTW are not appropriate.

Therefore, Tiesyte and Jensen [181] considered speci�c distance measures (e.g., modi�ed

versions of the LCSS, Lp distance, and weighted Lp distance) that are appropriate for

this scenario. For the weighted Lp distance, one can de�ne the weights according to

the application. For instance, the weights can be equal, indicating that all parts of the

trajectories are evenly important. Another option is to create correlation-based weights

when historical data is available. Tiesyte and Jensen [181] used Kendall's tau coe�cient

� [97] for determining the weights according to the correlations. Other correlation co-

e�cients, such as Pearson's [163], are also feasible, but the authors opted for Kendall's

coe�cient based on empirical results.

Deep learning-based trajectory representations, such as the Trembr framework, con-

vert trajectories to low-dimensional feature vectors called trajectory embeddings. We can

use these embeddings to calculate the similarity between two trajectories. For instance,
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Fu and Lee [65] proposed to employ the Euclidean distance between the learned embed-

dings to measure the distance between trajectories. Their method outperformed other

deep learning-based methods. However, it is unclear how much the results of the Trembr

framework depend on the quality of the map-matching performed in the preprocessing

step, and consequently, on the sampling rate of the raw trajectory.

3.4 Applications

The task of comparing vehicular trajectories is fundamental for trajectory analysis appli-

cations such as predictive queries [51], tra�c monitoring [79, 101], and behavior mining

[197]. These analysis applications are, in turn, enablers of numerous other applications.

For instance, driver assistance systems can detect tra�c congestion in real time and

calculate optimal routes. The public administration can learn about tra�c patterns to

guide the policies of urban mobility improvement, or use historical data to forecast the

development of tra�c jams. Automobile insurers or taxi companies might bene�t by

applying behavior analysis or recognizing anomalous trajectories. Therefore, choosing a

proper similarity measure plays a crucial role in enhancing the e�ciency and precision

of these applications. For example, DTW-based approaches provide accurate results for

similarity-based trajectory retrieval, but they are not suitable for trajectory retrieval

in large databases. In the following, we present some analysis applications of vehicu-

lar trajectory similarity measures and discuss open research problems related to these

applications.

3.4.1 Similarity-based Trajectory Retrieval

Most applications of vehicular trajectory similarity measures derive from the search for

related trajectories in large vehicular trajectory databases. For instance, when a vehicle

is traveling on a known route, one can identify trajectories similar to the current, partial

trajectory, from historical datasets to predict the travel time [181, 119, 95, 118]. As

the employed similarity measure directly impacts the e�ectiveness and e�ciency of these

kinds of tasks, one needs to choose the most suitable similarity measure carefully. Given

a distance functionF , we can express the total timeT to evaluate a query as:

T = I/O time + number of similarity evaluations � complexity of F (3.29)
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However, in many applications, the cost to solve the functionF is much higher than

the cost of the other elements, especially now with the increasing availability of main

memory [34].

Sequential Search

The most straightforward idea to search for trajectories similar to a given trajectory

T is to make a linear scan over all trajectories and pick those with distance toT less

than a given threshold [88]. However, using sequential scanning on today's large-scale

databases is becoming impractical. Therefore, there is a demand for the development of

new indexing techniques that employ fewer similarity computations [36].

Even though the sequential search is not e�cient for querying similar trajectories in

large databases, it is still used as a last step veri�cation by many similarity-based retrieval

techniques, which in turn employ traditional similarity measures. For instance, DTW is a

ubiquitous distance measure widely used in sequential searches. However, as it presents

a high computational complexity, some proposals aim to optimize the performance of

DTW to allows its usage in the searching of trajectories in massive datasets. A standard

technique to accelerate DTW-based queries is to apply a lower bound to prune o� un-

likely candidate trajectories. Rakthanmanon et al. [158] demonstrated that, with careful

implementation, DTW is much more e�cient than advanced ED-based techniques.

Trajectory Indexing

When the used distance function is a metric, we can apply the triangle inequality prop-

erty to index trajectories and thus improve the e�ciency of trajectories retrieval. One

approach is thepivot-based metric index[39], which works as follows. First, in a pre-

processing step, select the reference trajectories (pivots)P1; :::; Pk from the trajectory

dataset and compute their distances to all trajectories in the dataset. Then, given a

threshold distanced and a search trajectoryQ, compute the distance fromQ to each

pivot Pi . Now we can, employing the triangle inequality, prune o� all other trajecto-

ries Ti in which jdist(Q; Pj ) � dist (Pj ; Ti )j > d guaranteeing no false dismissals. Many

indexing structures follow this idea, such as AESA [164], LAESA [134], VP-tree [205],

FQ-tree [13], MVP-tree [27], PM-tree [173], Omni-family [184], M-index [145], EP [165],

and SPB-tree [35]. For instance, some tree-like indexes select the pivots as roots and

stores the distances from each root to their children.

Another option to improve the querying of a dense set of trajectories is to store hash-
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based trajectories instead of traditional spatial-indexing structures and use indexing

techniques based on these hashes. For instance, trajectory �ngerprinting with geodabs

[33], discussed in Section 2.2.3, enables e�cient queries on dense trajectory datasets.

Although �ngerprinting has a probabilistic nature, which makes the index unable to

discriminate between true and false positives, the authors of geodabs demonstrated that

it has a minimal in
uence on the accuracy of the results. Like other proposals, a drawback

of the geodabs evaluation is that it relied on synthetic datasets due to the lack of public

available large and dense trajectory datasets. Thus, an open research issue is to evaluate

trajectory indexing techniques with real large-scale trajectory datasets.

Trajectory Similarity Join Problem

A variation of similarity-based retrieval is the trajectory similarity join problem, which

intends at �nding every pair of trajectories, from two distinct datasets, that have a

similarity measure above a given threshold. Without loss of generality, techniques that

address the trajectory similarity join problem can also be used to retrieve similar tra-

jectories. Therefore, some studies employ similarity measures to address the trajectory

similarity join problem [159, 168, 178, 204, 171, 211]. Besides that, self join (i.e., �nd-

ing similar trajectories in only one dataset) is another way to visualize the clustering

problem. We discuss trajectory clustering in Section 3.4.2.

Ta et al. [178] introduced the bi-directional similarity metric (BDS, discussed in Sec-

tion 3.3.2) and signature-based methods to address the similarity join problem. They

presented a set of algorithms for sorting, �ltering, and indexing trajectories, which re-

duces the number of trajectory comparisons performed, and thus improves overall pro-

cessing time. However, experimental results point to scalability issues for processing large

databases. Therefore, the employment of more e�ective trajectory similarity measures

that do not decrease the e�ectiveness of the results is still an open issue.

3.4.2 Clustering

Clustering is a tool that involves many disciplines for �nding and de�ning groups of

entities, called clusters, in datasets [137]. For instance, in the data mining research �eld,

clustering is a mechanism for �nding patterns in datasets. In knowledge discovery, it is a

tool for updating, correcting, and extending the existing knowledge. In machine learning,

it is a tool for prediction [137]. Therefore, vehicular trajectories clustering, which aims

at grouping similar trajectories according to speci�c criteria, is a central application of
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trajectory similarity measures. Recent surveys [24, 210] presented reviews of trajectory

clustering algorithms. Thus, in this section, we brie
y discuss similarity-based clustering

techniques.

Some naive approaches rely on using trajectory similarity measures and adapting

traditional clustering algorithms. For instance, Kim and Mahmassani [101] developed a

framework that uses the LCSS distance and the DBSCAN algorithm [61] to cluster GPS-

based trajectories. They also proposed the employment of hierarchical agglomerative

clustering to identify tra�c streams, and then, classify new trajectories.

K-means is a traditional and straightforward clustering algorithm that is still widely

used in many areas [92]. The idea of K-means is to �ndK clusters and associate each

data point with the nearest cluster, aiming at minimizing the total variance of all data

points in each cluster. However, this task is a known NP-hard problem. Therefore, most

proposals employ a standard algorithm to �nd a local optimum. However, Meil�a [132]

demonstrated that if the clusters are appropriately de�ned, the probability that K-means

converges to the global optimum is high. K-means performs many comparisons between

data points. Thus, it is crucial to use similarity measures that are fast to compute, such

as FastDTW, when applied to cluster vehicular trajectories [166].

T-OPTICS [138] is a popular density-based trajectory clustering algorithm that em-

ploys the euclidean distance and extends the OPTICS algorithm [9] to work with trajecto-

ries. Besides the T-OPTICS, the OPTICS algorithm inspired many other studies. Deng

et al. [52] proposed an algorithm called Tra-POPTICS aiming at improving both the

scalability and computing performance to cluster big trajectory datasets. Tra-POPTICS

is inspired by the POPTICS algorithm [151], which in turn is a scalable version of the

OPTICS algorithm. One of its modi�cations is that it employs the similarity measure

introduced by Frentzos et al. [63] rather than using the euclidean distance.

As vehicle trajectories can be quite long, some clustering methods aims at grouping

common sub-trajectories instead of whole trajectories, which can be useful for many ap-

plications. For instance, one may be interested in recovering all vehicles that traveled

close to a set of road segments. TRACLUS [113] is a framework composed of two com-

ponents. In the �rst component, an algorithm based on the minimum description length

(MDL) principle [72] is responsible for partitioning the trajectories into sub-trajectories

(line segments). Then, in the second component, a density-based clustering algorithm

groups similar sub-trajectories into clusters.

Hu et al. [86] applied the Dirichlet process mixtures to represent, cluster, and �nd

trajectories. Their technique employs the discrete Fourier transform (DFT) to describe
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sub-trajectories, which, in turn, are then used to train the DPMM. Then, they use the

parameters of the tDPMMs to index the trajectory patterns. Unlike most other work,

their method automatically estimates a suitable amount of clusters and can cluster new

trajectories without retraining. However, their discussion about the method focuses on

video-based trajectories, and it is unclear what would be the result of applying it to

cluster low sampled GPS-based or road-network constrained trajectories.

Fast-clusiVAT [110] is another trajectory clustering algorithm that automatically es-

timates a suitable amount of clusters. In summary, Fast-clusiVAT is a modi�ed and

faster implementation of the clusiVAT algorithm [109] that employs the trajDTW dis-

tance measure. Experimental results showed that fast-clusiVAT outperforms some widely

used clustering algorithms and provides a signi�cant speedup over its previous version,

clusiVAT, without loss of cluster quality.

Most of the clustering techniques discussed above employ a distance function but do

not take into account the turn restrictions of the road networks. Han et al. [79] tackled

this issue by proposing the NEAT system to cluster road-network constrained trajecto-

ries. Besides addressing road-network constrained trajectories, NEAT also considers the

road-network-based proximity. NEAT is a three-phase clustering framework based on

the following design guidelines. First, the road intersections represent initial partitioning

points, and the indivisible sub-trajectories, called fragments, represent the trajectories.

Next, the fragments that also represent road segments are clusters of objects associated

with the trajectories. Finally, the last phase groups the fragments by taking into account

the turn restrictions of consecutive road segments. Although the NEAT framework does

not directly employ a similarity measure, it uses a function based on the Hausdor� dis-

tance in the last phase. The advantage of the NEAT framework is that as it uses the

information about the road network restrictions and does not depend on computing many

slow distance measures, it runs very fast. Experiments have shown that NEAT is faster

than the TRACLUS framework [113] by more than three orders of magnitude. However,

NEAT depends on a preprocessing stage that solves the map-matching problem to divide

the trajectories into fragments.

3.4.3 Similarity-based Trajectory Prediction

We can use historical trajectory data and similarity measures to predict short- and

long-term vehicle trajectories. For instance, short-term mobility prediction is crucial for

advanced driver assistance systems and autonomous driving, and with long-term mobility
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prediction, tra�c monitoring systems can forecast tra�c congestion and guide drivers

to faster routes. Recently, Lef�evre et al. [115] reviewed techniques for vehicle motion

prediction, most of which rely on the Markov property. Besides that, other studies have

proposed the use of deep neural networks, such as Long Short Term Memory (LTSM)

[94] and Convolutional Neural Network [126], for vehicle trajectory prediction.

Some proposals employ similarity measures for prediction by matching the current

and partial vehicle trajectory with the motion patterns learned from historical data

[146, 161, 198]. Okamoto et al. [146] proposed a technique to predict short-term vehicle-

motion that, in addition to the Markov property, applies a modi�ed DTW distance and

the notion of conservation of similarity (CoS). The basic idea of the CoS is that if two

vehicles behaved similarly for the previous several seconds, they would move similarly in

the next several seconds, implying that the similarity between the vehicles is conserved.

Their method assumes that some vehicles behave similarly due to restrictive constraints

such as tra�c rules. However, the high computational complexity of the modi�ed DTW

may prevent its use in large databases.

Rathore et al. [161] proposed theTraj-clusiVAT-based TP clustering framework. The

framework is based on the Markov model and can make long-term and short-term pre-

dictions. The Traj-clusiVAT-based TP framework employs the Traj-clusiVAT algorithm,

which is an extension of the clusiVAT clustering algorithm. One of the improvements of

the Traj-clusiVAT algorithm is that it implements a new method to calculate, for each

cluster, a representative trajectory, which is then used to distribute new trajectories to

an existing cluster. Because of that, the Traj-clusiVAT-based TP framework can handle

big trajectory datasets in dense road networks e�ciently.

3.4.4 Trajectory Outlier Detection

Trajectory outlier detection aims at �nding trajectories or sub-trajectories that deviate

so much of other trajectories of the dataset [133]. It has a broad application base. For

instance, removing outliers is a crucial preprocessing step in support of data mining

tasks. Also, the occurrence of similar outliers within a brief time window can indicate

abnormal events such as tra�c accidents.

Recently, Meng et al. [133] make a review of trajectory outlier detection algorithms

from three aspects. First, they classi�ed the algorithms that take into account multi-

attributes, such as speed, direction, position, and time. The second viewpoint is if the

outlier detection algorithm employs a proper distance function to compute the di�erence
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between trajectories e�ciently and accurately. Finally, they reviewed studies that aim at

enhancing prior outlier detection algorithms regarding space complexity and processing

time. In this section, we are interested in trajectory outlier detection algorithms that

employ distance measures.

Some of the earlier trajectory outlier detection algorithms compare whole trajectories

and thus are not able to detect outliers in sub-trajectories [103]. To solve this problem,

Lee et al. [112] presented a two-stage framework for trajectory outlier detection. The �rst

stage breaks a trajectory into line segments, and the second stage identi�es outliers from

the set of line segments. Besides the framework, they developed an outlier detection

algorithm for sub-trajectories, called TRAOD, that employs a line segment Hausdor�

distance. A drawback of the TRAOD algorithm is that it only involves the spatial

information of the trajectory and ignores the temporal information.

Mirge et al. [136] proposed a straightforward technique that employed the Hausdor�

distance to detect outliers in GPS-based trajectory databases. In summary, they calcu-

late the pairwise Hausdor� distance of all trajectories in the dataset and cluster them

according to their distances. Then, the approach identi�es all trajectories of a cluster as

outliers if the cluster size is below a given outlier threshold. Due to its high computa-

tional complexity, one can use this approach only to detect outliers in small databases.

Besides that, it is unclear how we can choose the value of the outlier threshold.

Wu et al. [197] presented a technique called DB-TOD for the detection of trajectory

outliers that models human behavior by extending the maximum entropy inverse rein-

forcement learning model. The main advantage of their approach is the ability to detect

potential outliers from partial trajectories. The DB-TOD learns from historical datasets

the most probable route choices and then infers the likely cost of each road segment.

This approach is e�cient because the historical dataset is accessed only once for the

training.

3.5 Future Research Directions

Even with the tremendous amount of research work in the �eld of vehicle trajectory data

mining, the increasing availability of the so-called \big trajectory data" still presents

a large set of challenges to be addressed, even for primary tasks such as trajectory

similarity. Throughout this survey, we discussed some open issues that demand additional

investigation related to speci�c methods and applications. In this section, we give an

overview of potential research directions, most of which stem from the challenges of the
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big data era.

Similarity-based trajectory retrieval, discussed in Section 3.4.1, despite being one of

the most basic applications of a similarity measure, surprisingly is still an open issue,

at least when dealing with massive datasets. The problem is two-fold. First, accurate

similarity measures are time demanding. Second, as stated by Rakthanmanon et al.

[158], who developed a known suite of optimizations for the DTW-based time series

retrieval, \ there are no known techniques to support similarity search of arbitrary lengths

once we have datasets in the billions". Although the set of optimizations presented by

Rakthanmanon et al. [158] shows the best results in the literature, the time required

to process massive datasets is still high (several hours). Therefore, we still lack e�cient

approaches to tackle the similarity-based search of big trajectory data.

Another big challenge regards the trajectory representation. As discussed in Sec-

tion 2.2, the most widely-used vehicle trajectory representations are theGPS-based tra-

jectories and road-network constrainedtrajectories. The advantage of these representa-

tions is their simplicity, which facilitates the development of e�cient similarity measures

and applications. However, these representations lack the level of detail required by

many applications. For instance, none of these representations can provide the vehicle's

location/speed at any given timestamp. For a GPS-based trajectory, it is possible to

apply preprocessing techniques to increase its granularity (sampling rate), but for some

situations, this is not enough yet. Moreover, increasing the trajectory sizes also increases

the processing time of data analysis tasks. A promising direction is to develop machine

learning-based techniques to represent the trajectories better, such as the novel deep

learning trajectory representation proposed by Li et al. [117].

Although this Chapter focuses on vehicle trajectory data, emerging smart mobility

solutions will need to tackle trajectories from di�erent data sources and modes of trans-

port. Therefore, besides the development of advanced trajectory representations, there

is a need for novel data fusion and visualization techniques to address multi-modal and

multi-source trajectories. Furthermore, a relevant open research problem in this subject

is the impact of these heterogeneous trajectories on the e�ectiveness of existing similarity

measures.

3.6 Chapter Remarks

The increasing availability of vehicular mobility data attracted many researchers in the

last couple of years due to its extensive amount of applications and the demand for
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algorithms to mine big trajectory data. For some data mining tasks (e.g., clustering

and retrieval), the development of e�cient and accurate similarity measures plays an

important role.

This Chapter surveyed the research e�orts related to vehicular trajectory similarity

measures. We presented a comprehensive review of methods to compare trajectories.

In doing so, we classi�ed each method according to the trajectory representation and

features such as metricity, computational complexity, and robustness to noise and local

time shift. Finally, we presented an overview of applications of trajectory similarity

measures and brie
y discussed some open research problems.
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Table 3.1: Surveys on trajectory similarity measures

Reference Methods covered Goals

Wang et al.

[191]

Methods for GPS-based trajecto-

ries: ED, DTW, PDTW, LCSS,

ERP, and EDR

Evaluate the e�ectiveness of

the measures and demonstrate

their advantages and drawbacks

through an experimental study

Magdy et

al. [128]

Methods for GPS-based trajecto-

ries: ED, DTW, Time Warp edit

distance, ERP, EDR, LCSS, Spa-

tial Assembling Distance, Haus-

dor� distance, and Fr�echet dis-

tance

Classi�es methods concerning

their computational cost, whether

the measure is metric or not, the

capacity to handle trajectories of

di�erent lengths, and robustness

to deal with noise and local time

shifting

Yu Zheng

[215]

Methods for GPS-based trajecto-

ries: Closest-pair, DTW, LCSS,

EDR, and ERP. Methods for

road-network constrained trajecto-

ries: Minimum Bounding Rect-

angles distance and Trajectory-

Hausdor� distance

Presents a brief discussion on the

main methods to calculate the dis-

tance between trajectories, or be-

tween trajectories and GPS points

Toohey and

Duckham

[183]

Methods for GPS-based trajec-

tories: LCSS, Fr�echet distance,

EDR, and ERP

Compares four methods through

an experimental study and brie
y

discuss some applications

Besse et al.

[23]

Methods for GPS-based trajecto-

ries: DTW, LCSS, EDR, and ERP

Reviews methods focusing on one

application (trajectory clustering),

and propose a new method called

SSPD
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Table 3.2: Main Notations

Symbol Description

Ti GPS Trajectory i

jTi j Number of sampling points of trajectoryTi

� j
i ith point of Trajectory j

dist(� i ; � j ) Straight-line distance between the given points if they are in Euclidean space,

or the greatest circle distance if the points are geographical

Head(Ti ) First point of Ti , that is, � i
1

Rest(Ti ) Sub-trajectory of Ti without the �rst point � i
1

Table 3.3: Trajectory Similarity Methods for GPS-based Trajectories.

Method Complex. Metric 6= len. Param.-free Loc. Ti. Shift Noise

ED O(n) X X

DTW O(n2) X X X

PDTW [99] O(n2) X X

FastDTW [166] O(n) X X

SDTW [129] O(n2 logn) X X X

ERP [37] O(n2) X X X X

EDR [38] O(n2) X X X

TWED [130] O(n2) X X X

LCSS [190] O(n2) X X X

Fr�echet Dis. O(n2 logn2) X X

Hausdor� Dis. O(n2) X X X

EDwP [159] O(n2) X X X X



Chapter 4

The Rio Center Dataset

This Chapter presents a novel real-world and large-scale vehicle trajectory dataset, called

Rio Center Dataset. The dataset is based on the central zone of Rio de Janeiro and

comprises trajectories acquired from a private company located in Brazil that tracks

GPS-equipped vehicles from di�erent users (e.g., regular users, taxi/app drivers). We

prepare di�erent versions of the dataset, each version with a di�erent set of trajectories

for di�erent purposes. The �rst version is a novel benchmark dataset designed to support

the evaluation of trajectory reconstruction and map-matching solutions, and the second

version is a large-scale dataset of reconstructed road-network constrained trajectories.

This second version supports the evaluation of data mining techniques that relies on

big data. Finally, we present a version containing road-network constrained trajectories

for evaluating vehicular networks scenarios that relies on trajectory prediction. We use

these new datasets to perform extensive experiments on the methods, algorithms, and

protocols proposed in this thesis.

4.1 Introduction

Vehicular trajectory data is increasingly available due to the population growth in ur-

ban centers and the advances in location-acquisition technologies, which results in many

GPS-equipped vehicles generating massive trajectory traces. This data is crucial to

understanding the rapidly-changing mobility aspects of society and developing novel

transportation modes. Furthermore, vehicular trajectory datasets are useful for applica-

tions in many research �elds, such as location-based social networks, data-mining-based

applications, tra�c analysis [44, 46], urban planning, and vehicular networks.

48
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Mobility datasets are essential for the development of applications and protocols for

vehicular networks. First, we can design more e�cient and e�ective routing protocols by

analyzing vehicle traces. For instance, we can develop better delay-tolerant routing pro-

tocols by employing trajectory prediction models based on historical mobility datasets.

Second, an e�ective and widely used way to evaluate vehicular networks is to perform

simulations based on real mobility traces. However, there are few vehicle trajectory

datasets available today [32]. Furthermore, most of these datasets have synthetically

created tra�c demand or represent only one class of vehicles (e.g., taxis), which is not

enough to represent a region's tra�c diversity in most cases [32].

In this Chapter, we present a new vehicular trajectory dataset based on the city of

Rio de Janeiro - Brazil. The dataset contains data from more than ten thousand vehicles

of di�erent categories, tracked over one year. We generate dataset versions from di�erent

subsets of trajectories, each version with a speci�c purpose. To the best of our knowledge,

this is the �rst large-scale and realistic dataset that includes various vehicle types (e.g.,

personal, cargo, and taxis).

We organize the remainder of this paper as follows. Section 4.2 gives an overview of

the dataset, presenting the process of data acquisition and some statistics. Sections 4.3,

4.4, and 4.5 presents the three versions of the dataset. Finally, Section 4.6 concludes this

Chapter.

4.2 Dataset Overview

The trajectories that comprise the Rio Center Dataset come from a private company

that tracks hundreds of thousands of vehicles in Latin America. We decided to prepare a

dataset based on the central zone of Rio de Janeiro city for three reasons. First, we need

to constrain the road network size to allow the execution of multiple experiments that the

dataset intends to (e.g., map-matching and vehicular networks simulations) in a feasible

time. Second, the central zone of the city of Rio de Janeiro contains a wide variety of

road network con�gurations, such as roundabouts, viaducts, and complex intersections,

which allows the evaluation of di�erent situations with a single scenario. Lastly, we can

create scenarios with a high density of vehicles in this region, as more than ten thousand

tracked vehicles traveled across it.

We retrieved the road network of the central zone of Rio de Janeiro using Open-

StreetMap [148] and generated its graph representationN = ( V; E), as de�ned in Chap-

ter 2, using the OSMnx [25]. We used thesimplify option of OSMx, so that nodes
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represent the intersection of road segments, instead of including all the interstitial OSM

nodes. Each arc contains the linestring to represent the shape of the segment. Figure

4.1 shows the map of the �nal version of the road networkN , and Table 4.1 summarizes

some statistics of the dataset.

Figure 4.1: The road network of the Rio Center Dataset.

During the monitoring time, more than ten thousand vehicles traveled through the

region's roads, generating millions of data points. However, we did not use all recorded

data to generate the trajectory datasets. Instead, we select trajectories from di�erent

timeframes (and durations) to generate the dataset versions according to their purpose.

Disregarding the timeframe, we extract the GPS-based trajectories (as de�ned in Chap-

ter 2) using a basic set of information (i.e., longitude, latitude, acquisition timestamp,

and vehicle ignition) from the logs as follows. First, we segment the logs from each vehicle
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Table 4.1: Rio Center dataset statistics.

Attribute Value

Road Network

Number of Intersections 2192

Number of Arcs 4439

Total Arcs Size (km) 575,855.8

Average Arcs Size (m) 129.73

Trajectories

Number of Vehicles � 10; 000

Monitoring Time one year

using the vehicle's ignition information. A valid GPS-based trajectory is a consecutive

sequence of GPS points where ignition is on. In some situations, a GPS device can

present malfunctioning and generate large consecutive sequences of online GPS points

comprising more than one trajectory. We observe some of these problems in our dataset.

Therefore, we preprocess the dataset to remove outliers (in terms of trajectory length)

using the interquartile range (IQR) method. That is, we remove trajectories of length

above the 75th or below the 25th percentile by a factor of 1.5 times the IQR. Besides, we

discard sequences of size one. This process is repeated for each dataset version presented

in Sections 4.3, 4.4, and 4.5.

4.3 The Rio Center Dataset for Trajectory Recon-

struction

In Chapter 6, we propose a solution for the trajectory reconstruction problem. In sum-

mary, trajectory reconstruction is the process of converting GPS-based trajectories into

road-network constrained trajectories. One of the signi�cant challenges for this research

area is the lack of reliable datasets with ground-truth data, which hinders the evalua-

tion and comparison between methods to solve the trajectory reconstruction problem.

Therefore, we prepared a version of the Rio Center dataset for experiments concern-

ing this problem. The Rio Center Dataset for Trajectory Reconstruction is a novel

benchmark dataset designed to support the evaluation of trajectory reconstruction and

map-matching solutions.

We generated eighteen road-network constrained trajectories by manually analyzing
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each valid raw trajectory and the underlying road network individually. A valid raw

trajectory is a consecutive sequence of more than one GPS point where ignition is on.

Figure 4.2 presents the trajectories of the dataset, which are from di�erent areas in the

central zone of Rio de Janeiro.

Figure 4.2: The 18 reconstructed trajectories of the Rio Center Dataset for trajectory

reconstruction.

This dataset version contains a small number of trajectories compared to the other

versions. This di�erence happens because the manual reconstruction process is extremely

slow and must be done carefully. Each point is analyzed individually, and the sections of

the trajectories are also analyzed together to prevent errors. Despite the small number

of trajectories, they present di�erent road-network scenarios with characteristics that

hinder the trajectory reconstruction process. For instance, some trajectories cover areas
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with roundabouts, complex intersections, viaducts, and tunnels. Figure 4.3 shows one of

the trajectories, which crosses a region with several intersecting viaducts. Most of the

map-matching algorithms that do not consider the trajectory as a whole will wrongly

match the sampled points in the viaduct area.

Figure 4.3: One of the trajectories from the Rio Center Dataset for Trajectory Recon-

struction. The trajectory crosses a region with multiple viaducts and tunnels, which

hinders the reconstruction of the trajectory.

4.4 The Rio Center Dataset for Data Mining

Data mining techniques, such as clustering and prediction, require a large volume of data.

Therefore, we create a dataset version containing trajectories from a more extensive

timeframe. In this thesis, we use this dataset in Chapter 6 to evaluate the proposed
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trajectory prediction framework.

The Rio Center Dataset for Data Mining contains four months of recorded data,

resulting in 526,467 trajectories. We prepare a set of GPS-based trajectories and an-

other set of road-network constrained trajectories, making it helpful for methods that

use these trajectory representations. We generate the set of road-network constrained

trajectories using the map-matching-based framework for trajectory reconstruction pro-

posed in Chapter 5. Figure 4.4 shows a sample of the trajectories on the road network

map N . Table 4.2 summarizes some statistics of the dataset.

Figure 4.4: Sample of the trajectories of the Rio Center Dataset for Data Mining.
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Table 4.2: Rio Center Dataset for Data Mining statistics.

Attribute Value

Number of Trajectories 526,467

Monitoring Time 4 months

Average Size (Number of Roads) 18.36

Average Size (km) 3.34

4.5 The Rio Center Dataset for Evaluating Prediction-

based Methods for Vehicular Networks

The last dataset version aims to assist in experiments of algorithms and protocols of

vehicular networks based on trajectory prediction. In this thesis, we use this dataset

version to evaluate the VDDTP algorithm, proposed in Chapter 8.

The dataset comprises one month of recorded trajectories, from October 17, 2021,

to November 15, 2021, and has two sets of road-network constrained trajectories. We

use the �rst set to perform vehicular network experiments and the second set to create

trajectory prediction models. The �rst set contains all trajectories that start and end

within a time window of two hours (from 6:00 a.m. to 8:00 a.m. of November 15, 2021),

and the remaining ones compose the second set. As within the dataset for data mining, we

generate the set of road-network constrained trajectories using the map-matching-based

framework for trajectory reconstruction proposed in Chapter 5. Table 4.3 summarizes

some statistics of the dataset.

Table 4.3: Rio Center Dataset for Evaluating Prediction-based Methods for Vehicular

Networks.

Attribute Value

Number of Trajectories 456,835

Number of Trajectories (training) 456,116

Number of Trajectories (evaluation) 719

Duration 30 days

Duration (evaluation) 2 hours
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4.6 Chapter Remarks

This Chapter presented the Rio Center Dataset, a novel real-world and large-scale vehicle

trajectory dataset based on the city of Rio de Janeiro, Brazil. Unlike most related work,

the Rio Center Dataset contains data from di�erent users (e.g., regular users, taxi/app

drivers), making it more suitable for realistic experiments.

We designed various dataset versions containing di�erent subsets of trajectories and

data formats, each for speci�c purposes. These datasets aim to assist in carrying out

experiments and simulations to evaluate the algorithms, methods, and protocols proposed

throughout this thesis.



Chapter 5

A Novel Scalable Framework to

Reconstruct Vehicular Trajectories

from Unreliable GPS Datasets

Vehicle trajectory data is of paramount importance in many applications and research

areas, such as vehicular networks and Intelligent Transportation Systems (ITS). However,

data gathered from location acquisition devices generally contain positional errors that

hinder its applicability, and therefore processing techniques are necessary to improve the

quality of trajectory data. For instance, physical constraints of the road network that

bounds the vehicles' movement can be used to represent a trajectory better. Therefore,

this Chapter proposes an e�cient framework to reconstruct road-network constrained

trajectories from GPS-based datasets. The framework employs novel processing algo-

rithms and models to prepare even low sampled trajectories, which naturally present

gaps, for real applications. The experimental results show that the proposed frame-

work has a better time complexity and accuracy than the other methods in all evaluated

scenarios.

5.1 Introduction

The growing availability of trajectory data generated by GPS-equipped vehicles o�ers us

crucial information for applications in di�erent research areas (e.g., location-based social

networks, vehicular networks, Intelligent Transportation Systems, route recommenda-

tion, tra�c analysis, and urban planning [44, 49]). However, trajectories acquired from

57
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satellite-based positioning systems generally contain precision errors that we need to �x

to improve the applicability of these data [106]. For instance, most datasets have low

sampling rate data, which results in gaps between recorded points. On the other side,

high sampling rates can result in scenarios in which a vehicle records two subsequent

points, and the �rst one appears further distant on the road segment than the second

point. Some of the techniques to enhance trajectory data are noise �ltering, segmenta-

tion, and map matching [215].

Map-matching is the process of mapping each trajectory point to a road of the trans-

portation network. However, the de�nition of this process varies in the literature de-

pending on the application. For instance, tracking applications use map-matching to

recover the vehicle's route from a sequence of GPS points if the sampling frequency is

high enough, and navigational applications only \snap" individual points to the road

network [106]. These usual de�nitions of map-matching do not require recovering the

entire path traveled by the vehicle.

In this Chapter, we investigate the trajectory reconstruction problem. Trajectory

reconstruction is the problem of recovering the whole path traveled by the vehicle from a

GPS-based trajectory. We call the reconstructed trajectory aroad-network constrained

trajectory. The trajectory reconstruction problem di�ers from map-matching as the �rst

generates a sequence of connected road segments representing a valid trajectory, and the

latter's output can be an invalid trajectory. For instance, map-matching for tracking

applications can be seen as a sub-task of the trajectory reconstruction problem as it

produces a sequence of unconnected road segments.

The performance evaluation of techniques for the trajectory reconstruction problem

and map-matching requires reliable datasets with ground-truth data. However, this kind

of dataset with ground-truth data can only be acquired through a manual process due

to absence of an automated method for trajectory reconstruction that guarantees results

with 100% accuracy. Because of that, there is a lack of reliable datasets with ground-

truth data, representing one of the signi�cant challenges for this research area. This

lack of manually reconstructed datasets hinders the evaluation and comparison between

methods to solve the trajectory reconstruction problem.

In this context, we propose a novel framework to reconstruct road-network con-

strained trajectories from GPS-based trajectories. The framework consists of four com-

ponents to rebuild the road-network constrained trajectory from a given road network

graph and GPS-based trajectory. In each component, we propose novel algorithms and

models that reduce the overall time complexity of the framework and improve the ac-
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curacy of the reconstructed trajectory. Compared with state of the art, we highlight

the following improvements. First, we propose a preprocessing technique to reduce the

overall computational overhead of map-matching based solutions for the trajectory re-

construction problem. Second, the majority of the map-matching based solutions rely

on a step calledCandidate Set Selection, which has a signi�cant impact on the com-

putational complexity and accuracy of the solutions. In this aspect, we introduce and

evaluate a novel technique to compute the candidate set. This technique improves both

the accuracy and complexity, not only of the proposed framework but also of the related

proposals. Finally, di�erent from most related work, our solution recovers the paths

traveled between consecutive matched samples, and, thus, reconstructs the trajectories

completely. Experiments reveal that our framework e�ciently provides accurate results

to reconstruct trajectories with di�erent sampling rates and outperforms some related

work regarding the accuracy and computational complexity.

It is important to note that this Chapter focuses on problems regarding data pre-

processing instead of its applications. Therefore, the relation between the proposed

framework and Vehicular Ad-hoc Networks (VANETs) is that VANETs can bene�t from

trajectories reconstructed by the framework. For instance, we can perform more accurate

evaluations of vehicular networks by using reliably reconstructed trajectories instead of

GPS-based data that contain errors. However, VANET (and its associated applications)

is just one of the possible scenarios for our trajectory reconstruction framework.

5.2 Related Work

Most of the literature regarding the trajectory reconstruction problem proposes map-

matching techniques for tracking applications [105, 140, 69, 8, 54, 66], which is a sub-task

of the trajectory reconstruction problem. Therefore, this section presents a literature

review of state-of-the-art solutions for the map-matching problem related to tracking

applications.

Many algorithms to solve the map-matching problem are based on the Hidden Markov

Model or closely related [105, 140, 69, 8, 54]. One of the best-known methods, and

probably the most used in the industry to date, is the algorithm proposed by Newson and

Krumm [140], which extends another HMM-based map-matching algorithm [105]. The

original version of the algorithm restricts the map-matched trajectory to those routes

whose expected travel time is congruent with the observed travel time. On the other

hand, the extended version favors transitions where the distance between two consecutive
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trajectory points is similar to the shortest driving distance between the matched samples.

The approach introduced by Krumm et al. also served as inspiration for many other

algorithms, such as the ST-Matching [124]. ST-Matching is an algorithm designed to

match points of low-sampled trajectories. It has a spatial and temporal component. The

temporal component favors paths in which the average speed is similar to the speed limit

of the roads. The spatial component contains an \observation probability," which is

equal to the \measurement probability" proposed by Newson and Krumm [140], and a

\transition probability" based on the same idea of the transition probability of Newson

and Krumm. IVMM [212] is an extension of the ST-Matching that, besides the spa-

tial and temporal information, proposes a voting-based strategy to model the weighted

mutual in
uences between trajectory points. A shortcoming of the ST-Matching and

IVMM is that they rely on road speed limits information, which is not always available,

especially in publicly available datasets.

The \Path Inference Filter" (PIF) [87] is a trajectory reconstruction solution based on

Conditional Random Fields (CRF). PIF employs a set of algorithms aiming at recovering

trajectories and road positions from low-frequency probe data. The main reason to use

CRF over HMM is to solve the \selection bias problem," which is a problem commonly

found in HMM-based models. The experimental results showed in [87] are promising

in terms of matching accuracy. However, the Path Inference Filter considers ten in
u-

encing factors that are di�cult to obtain, and its computational complexity might be

too prohibitive. Liu et al. [122] proposed the ST-CRF to improve the time complexity

of the CRF-based method. To do so, the ST-CRF considers only the spatial-temporal

in
uencing factors, and, thus, it is more suitable for most scenarios.

Yin et al. [206] proposed a feature-based algorithm that uses GPS observations and

human factors to estimate the cost of candidate routes and reconstruct a vehicle trajec-

tory. The experimental results showed that their method improves the accuracy of the

reconstructed trajectory, but the processing time is higher than the two related proposals

evaluated.

More recent studies propose heuristics to solve the map-matching problem for tracking

applications. For instance, AntMapper [70] is an ant colony-based algorithm that uses

trajectory information such as speed, bearing, and location to compute both a local

heuristic and a global �tness. The search for the best path employs local and global

information. The AntMapper has the shortcoming of only working if all required data

(e.g., speed and bearing) is available.

The solutions reviewed in this section have one or more of the following drawbacks:
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ˆ They depend on data that may be unavailable, such as road speed limits and ve-

hicle's speed and heading. Processing time (e.g., several minutes per trajectory

point), since those solutions are ine�cient in reducing the number of roads pro-

cessed, making them unsuitable for large scenarios or trajectories.

ˆ They map points to the road network individually instead of recovering the whole

trajectory of the vehicle. Because of that, the recovered trajectory can be in-

valid considering gaps (unconnected consecutive roads, which are common in low-

sampled trajectories.

ˆ Their experiments are based on relatively small datasets. These datasets fail to

include various characteristics that hamper the trajectory reconstruction problem,

such as complex intersections, roundabouts, and viaducts.

5.3 Problem Formulation

We formally de�ne the Trajectory Reconstruction problem using the de�nitions of the

road network, GPS-based trajectory, and road-network constrained trajectory presented

in Chapter 2. Given a graphN that represents the road network and the GPS-based

trajectory T gps, trajectory reconstruction is the problem of �nding a path in graphN

that corresponds to the correct route traveled by the vehicle during the generation of the

Tgps's points. The output of this process is represented by a road-network constrained

trajectory T = ( t1; t2; : : : ; tn ).

5.4 Proposed Framework

5.4.1 Preliminaries

To reconstruct a vehicle trajectory, we �rst need to understand how the vehicles generate

the recorded points. Given some raw trajectory T = (� 1; � 2; : : : ; � n ), it is reasonable to

assume that, for every point� i , the vehicle must have been in one of the arcs geographi-

cally close to it. Therefore, we can represent the vehicle's exact location when it recorded

the point � i as:

li = ( ei ; o�set i ) (5.1)
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where ei 2 E is its current arc and o�set i a non-negative number corresponding to its

position at arc ei (i.e., the distance, in meters, between the starting point of the arcei

and the vehicle's location atei ).

For each pair of consecutive locationsli and li +1 , the vehicle followed one pathpi =

(e1; e2; : : : ; ejpi j) consisting of an ordered and non-empty set of connected arcs. The

correct path pi belongs to a �nite set of valid paths betweenli and li +1 . The �rst and

last arcs of the correct pathpi are the arcsei and ei +1 , which correspond to the arcs

traversed by the vehicle when it recorded the points� i and � i +1 , respectively. Finally,

the course the vehicle took is a set of locations and pathsl1p1l2p2l3; : : : ; pn� 1ln , and the

road-network constrained trajectory we are trying to reconstruct is the union of the paths

pi for all i from 1 to n. Figure 5.1 illustrates the process of trajectory reconstruction

with the components discussed above.

As previously discussed, the �rst step to reconstruct a trajectory is to select some

candidate locations close to each point of the raw trajectory. We call this stepcandidate

set selection. Figure 5.1 illustrates a trajectory and some candidate locations. For

instance, point � 1 has four candidates locations represented by the arcse22, e10, e7, and

e21, and the points x1;1, x1;2, x1;3, and x1;4, where point x i;j is the point-to-segment

projection of the trajectory point � i onto the candidate arcei . It is essential to keep the

candidate set size (i.e., number of candidate locations) small because the time complexity

of the entire process is directly proportional to it. Therefore, as long as we do not

accidentally remove the correct arcs from the list of candidates, the most e�cient solution

is the one with the smaller candidate set. To the best of our knowledge, all related studies

employ one of the following straightforward rules to choose the candidate arcs of each

point: 1. all arcs within a given radius; 2. K-nearest neighbors; and 3. arcs within a given

radius, limited to a maximum of K. We propose a custom technique for the candidate

set selection in this work, which we describe in Section 5.4.4.

The next step is to �nd the probable paths between all pairs of consecutive candidate

locations. A straightforward solution is to take thek-shortest routing paths between

the candidate locations, withk > 1. In general, the lower the GPS sampling rate, the

greater the distance between recorded locations, and the greater the number of likely

paths between these locations. However, most location-acquisition devices record their

positions with a sampling interval of at least 30 seconds. Accordingly, most publicly

available vehicle trajectory datasets also have a high sampling rate [47]. Moreover, it is

unlikely that a vehicle has traveled a path other than the shortest route between recorded

locations with these sampling rates (we veri�ed this by analyzing some publicly available
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Figure 5.1: Example of a trajectory reconstruction and its components. The gray circles

represent the raw GPS trajectory with three points Tgps = ( � 1; � 2; � 3). The yellow

triangles xi;j represents some of the vehicle's likely locations when it recorded the points.

The white dashed line corresponds to the correct trajectory traversed by the vehicle.

The correct arcs of the points� 1, � 2, and � 3 are e22, e5, and e6, respectively, and the

path the vehicle followed from� 1 to � 2 and from � 2 to � 3 are p1 = ( e22; e18; e5) and p2 =

(e5; e6), respectively. Therefore, the reconstructed road-network constrained trajectory

is T = ( e22; e18; e5; e6).

datasets). Therefore, we ignore the alternative paths in this work. We consider only the

shortest routing path between two consecutive candidate locations. Consequently, the

maximum number of trajectories that we will consider in the last step of the trajectory

reconstruction process is a function of the number of candidate roads only.

The last step, calledsolution construction, selects the most likely sequence of arcs

and in-between paths from the candidate set and then builds the �nal trajectory as the

concatenation of the selected paths. Given a raw trajectoryT of length n, the upper

bound number of candidate trajectories iskn, wherek represents the maximum number

of candidate locations per point. As the number of candidate trajectories grows expo-

nentially with the trajectory length, processing all candidate trajectories is impractical.
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Therefore, we propose a solution construction algorithm based on Hidden Markov mod-

els in this work. Section 5.4.5 presents the proposed models used to extract a set of

information from the candidate locations. We use this information set in the solution

construction step described in Section 5.4.6.

5.4.2 Overview

Figure 5.2 presents an overview of the proposed framework. The framework's input

is the road network de�nition and a raw trajectory, and its output is the reconstructed

trajectory, as de�ned in Section 5.3. Besides the steps discussed in the preliminaries (i.e.,

candidate set selection, information modeling, and solution construction), the framework

contains an initial processing step, which we present in Section 5.4.3.

Figure 5.2: The components of the proposed framework to reconstruct vehicle trajecto-

ries.

5.4.3 Preprocessing

A preprocessing step applies techniques such as noise �ltering to improve the trajectory

data for the algorithms of a map-matching or trajectory reconstruction solution. For
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instance, Pink and Hummel [155] used the extended Kalman �lter to smooth the tra-

jectory by combining the measured trajectory with the model's predictions. However,

this approach presents a poor performance on sparse trajectories. Another preprocess-

ing technique is the straightforward algorithm proposed by Newson and Krumm [140].

Their method ignores some trajectory points by moving sequentially through the trajec-

tory points and removing those within a radius of two standard deviations from the last

accepted one (the standard deviation is an attribute given as input to the algorithm).

The reasoning behind this method is that when consecutive samples are close to each

other, the di�erence in position is more likely to be due to noise than to actual vehicle

movement.

We propose a preprocessing algorithm based on the solution presented by Newson and

Krumm [140]. The di�erence in our technique is that, instead of ignoring points close

to each other, it uses them to smooth the trajectory. Algorithm 1 shows the proposed

technique. We iterate through the trajectory points sequentially, looking for clusters of

points. For each cluster found, we replace all its points with a new one with coordinates

(i.e., latitude and longitude), speed, and direction equal to the average of the coordinates,

speeds, and directions of the points in the group (Lines 7{10). The timestamp of the new

point is equal to the timestamp of the �rst point of the group (Line 11). The function

k:kgeo (Line 4) computes the great-circle distance between the given points, and the

function atan2 (y; x) (Line 10) is the 2-argument arctangent function, which computes

the angle between the x-axis and the vector (x, y). The algorithm assumes that the

points' directions �: dir are in radians.

Figure 5.3 and Table 5.1 show the results of applying the proposed preprocessing

algorithm to a trajectory taken from a real-world dataset compared to the technique

presented by Newson and Krumm [140]. The original trajectory has seven points, and

both algorithms �nd three groups of points. Therefore, the result of applying the pre-

processing algorithms is a trajectory containing three points. However, the algorithm of

Newson and Krumm [140] takes the �rst point of each group (Figure 5.3c), and our solu-

tion (Figure 5.3b) computes the group's average point. The original trajectory's points

4, 5, 6, and 7 indicate that the vehicle has turned left at the fork shown in the upper

left corner of the map. Point 3 of the trajectory resulting from the proposed algorithm

also suggests that the vehicle has turned left, but this is not evident in the trajectory

resulting from the algorithm of the related work.
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Algorithm 1 Procedure to reduce the trajectory length

Input: Tgps = ( � 1; ; :::; � n ): trajectory, � : standard deviation

Output: The processed GPS trajectoryTprocessed

1: Tprocessed  ; , i  1

2: while i � j Tgpsj do

3: j  i + 1

4: while j � j Tgpsj ^ k � i ; � j kgeo � 2� do

5: j  j + 1

6: end while

7: � new:lng  
P j � 1

k = i � k :lng
j � i

8: � new:lat  
P j � 1

k = i � k :lat
j � i

9: � new:spd  
P j � 1

k = i � k :spd
j � i

10: � new:dir  atan2
� P j � 1

k=1 sin(� k :dir) ;
P j � 1

k=1 cos(� k :dir)
�

11: � new:t  � i :t

12: Tprocessed  Tprocessed [ � new

13: i  j

14: end while

15: return Tprocessed

5.4.4 Candidate Set

The candidate setCset = ( L1; L2; : : : ; Ln ) of trajectory T gps = ( � 1; � 2; : : : ; � n ) is a set of

location sets, where the location setL i = ( l1
i ; l2

i ; : : : ; lmi ) comprises the locations of point

� i candidates, and each locationl j
i = ( e;o�set ) is a tuple containing the location's arc

and o�set.

We propose a candidate set selection algorithm based on a custom heuristic that

better adapts to the di�erent road-network scenarios than the standard solution used

by related work. Algorithm 2 presents an incremental implementation of the technique,

which we base on the following concepts. Theclose neighborhoodis a small radius from

the vehicle's position. If few candidates are in thisclose neighborhood, we need to increase

the search radius until we �nd areasonable number of candidates. We also need to de�ne

the maximum search radiusand the maximum number of candidatesto bound the com-

putational complexity. Therefore, we introduce the parametersDsoft , K soft , Dhard , and

K hard that represent theclose neighborhood, reasonable number of candidates, maximum

search radius, and maximum number of candidates, respectively.
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(a) Trajectory before prepro-
cessing.

(b) Proposed preprocessing al-
gorithm.

(c) Related work preprocessing
technique.

Figure 5.3: Comparison of the proposed preprocessing technique and relate work.

Special Candidates

In some scenarios, a vehicle can record two subsequent points in which the �rst point

looks further along a road segment than the second point. This scenario, illustrated in

Figure 5.4, can occur if the vehicle circles a block or due to precision errors in the recorded

locations. In the case of precision errors, most trajectory reconstruction algorithms

will wrongly create a trajectory that circles a block to justify the positional errors.

We try to �x this problem by generating special candidates(Line 14 of Algorithm 2).

Whenever we �nd two candidate locationsl i = ( ei ; o�set i ) and l i +1 = ( ei +1 ; o�set i +1 ) of

points � i and � i +1 , respectively, whereei = ei +1 and o�set i > o�set i +1 , we generate two

additional candidate locations aslnew = ( ei ;
o�set i + o�set i +1

2 ) for points � i and � i +1 . We call

source special candidatethe new candidate location of� i anddestination special candidate

the new candidate location of� i +1 . These new candidate locations allow the proposed

reconstruction algorithm (Section 5.4.6) to evaluate a trajectory without circling the

block.

5.4.5 Information Modeling

The solution construction component of the framework uses two probabilistic models:

the observation model and the transition model. The observation model describes the

likelihood of a vehicle at locationl generating point� , and the transition model provides

the probability of a vehicle moving from locationla of some point� i to location lb of the

next point � i +1 .
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Table 5.1: A trajectory of the Rio Center dataset and the results of preprocessing algo-

rithms.

Method # Lon. Lat. T. (s) Spd (m/s) Dir.

Orig
ina

l

1 -43.2070 -22.9236 120 45.17 277.95

2 -43.2085 -22.9234 160 0.02 0.00

3 -43.2087 -22.9233 170 16.34 334.29

4 -43.2087 -22.9230 181 1.46 32.86

5 -43.2087 -22.9230 200 0.05 0.00

6 -43.2087 -22.9229 227 10.54 328.87

7 -43.2088 -22.9227 240 3.08 319.66

Pro
po

se
d 1 -43.2070 -22.9236 120 45.17 277.95

2 -43.2086 -22.9233 160 8.18 347.14

3 -43.20875 -22.9229 181 3.78 349.80

[1
40

]
1 -43.2070 -22.9236 120 45.17 277.95

2 -43.2085 -22.9234 160 0.02 0.00

3 -43.2087 -22.9230 181 1.46 32.86

Observation Probability

Most related studies use thenoisy generative modelto calculate the observation proba-

bility. The observation probability o(� j l) is associated with the distance between point

� and candidate locationl, i.e., o(� j l ) = D(k�; l kgeo), where k�kgeo computes the largest

circle distance between the point and the location, andD is some probabilistic distri-

bution that aims to describe the likelihood of occurrence of errors equivalent tok�kgeo

meters while recording a GPS point.

We propose an observation model that combines the noisy generative model with a

modelA extracted from the di�erence between the vehicle bearing and the road segment

angle. The proposed observation probabilityo(� j l) has two components, one based

on distance errors and another on angle errors. For the �rst component, the literature

shows that the distribution of the errors of GPS measurements is approximately a zero-

mean Gaussian. As for the second component, we analyze the Rio Center Dataset for

Trajectory Reconstruction to �t the data with a proper distribution function A, and

�nd that it �ts a beta distribution approximately (angles di�erences are normalized by
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Algorithm 2 Incremental procedure to compute the candidate set of a trajectory

Input: Tgps = ( � 1; � 2; : : : ; � n ): GPS-based trajectory,N = ( V; E): road network graph,

K soft , K hard , Dsoft , Dhard

Output: The ordered candidate setCset = ( L1; L2; : : : ; Ln )

1: Cset  ;

2: for each � 2 Tgps do

3: L  ;

4: e  edge2 E closest to point �
5: d  distance from� to e

6: while jLj < K hard ^ d � Dhard ^ (jLj < K soft _ d � Dsoft ) do

7: o�set  distance between the starting point ofe and the projection of� on e

8: L  L [ (e;o�set )

9: e  next edge2 E closest to point �
10: d  distance from� to e

11: end while

12: Cset  Cset [ L

13: end for

14: Cset  Cset[ computespecial candidatesfrom Cset

15: return Cset

dividing them by 180).

Formally, the proposed observation probabilityo(� j l) is:

o(� j l ) = N (k�; l kgeo) � B (k�; e k� )

=
1

�
p

2�
e�

�
k �;l kgeo

2�

� 2

�
1

B(�; � )
x � � 1(1 � x)� � 1

(5.2)

where B is the beta function, � , � , and � are the parameters of the normal and beta

distributions, e is the arc of locationl, and x = k�; e k� is the angle di�erence between

the vehicle angle at� and the angle of the arce.

Transition Probability

The literature shows that the probability of a vehicle at the locationla
i of point � i mov-

ing to the location lb
i +1 of point � i +1 is proportional to the absolute di�erence between

k� i ; � i +1 kgeo, and kla
i ; lb

i +1 kroute , where k�kroute computes the shortest path distance be-

tween given locations in the road network [140] [124]. Besides that, Newson and Krumm
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Figure 5.4: Example of a GPS trajectory with positional errors that hinder the trajec-

tory's reconstruction. The white line corresponds to the correct path, and the red line

corresponds to the wrongly matched path that most trajectory reconstruction solutions

�nd. Our framework �x this by creating additional candidates, called special candidates.

[140] observed that the di�erence between those distances follows an exponential distri-

bution in a real-world vehicle trajectory.

We propose a transition model based on the work of Newson and Krumm [140],

but that considers thespecial candidates. The transition probability between candidate

locations la
i of point � i and lb

i +1 point � i +1 is zero in the following three scenarios, which

we call \special candidate scenarios":

1. la
i is a non-special candidate andlb

i +1 is a special destination candidate.

2. la
i is a special source candidate andlb

i +1 is not a special destination candidate.

3. la
i is a special destination candidate andlb

i +1 is also a special destination candidate.

Another scenario in which we assign zero to the transition probability is when the

speed required to travel from candidate locationla
i to candidate locationlb

i +1 is unrealistic.

For that, we assign zero to the transition probability between locationsla
i and lb

i +1 if the
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average speed required to travel the shortest path between those locations is above a

given thresholdvthreshold .

Formally, the transition probability T(la
i ! lb

i +1 ) is:

T(la
i ! lb

i +1 ) =

8
>><

>>:

0; if v > v threshold or is a \special can-

didate scenario"
1
� e�

E r ( l ai ! cb
i +1 )

� ; otherwise

(5.3)

where

Er (la
i ! lb

i +1 ) =
�
�k� i ; � i +1 kgeo � k la

i ; lb
i +1 kroute

�
� (5.4)

and

v =
kla

i ; lb
i +1 kroute

� i :t � � i +1 :t
: (5.5)

Our framework keeps the list of arcs representing the shortest path between the

candidates' locations while computing the routing distances to reconstruct the entire

trajectory later.

5.4.6 Solution Construction

The solution construction component creates a Hidden Markov Model (HMM) based on

the observation and transition probabilities to reconstruct the road-network constrained

trajectory. Widely used by map-matching algorithms, HMM is a statistical model that

describes a system that follows a Markov process with hidden (unobservable) states. In

general, the road segments and the trajectory points represents the hidden states and

observations of the HMM, respectively. Then, to solve the trajectory reconstruction prob-

lem, we are interested in �nding the \most likely explanation" for the speci�c sequence

of observations (trajectory points), given e�ciently by the Viterbi algorithm.

Figure 5.5 illustrates the proposed HMM-based model to reconstruct a given vehicle

trajectory. The states of the HMM are the set of all pairs (� i ; la
i ) of trajectory points � i

and candidate locationsla
i , and the trajectory points � i are the observations of the model.

The emission probabilityP(� i j (� i ; la
i )) and the transition probability T(la

i ! lb
i +1 ) are

given by Equations 5.2 and 5.3, respectively, as described in Section 5.4.5. The initial

probability � k of the state (� i ; la
i ) is computed with Equation 5.2 if i is equal to one (� i

is the �rst point of the trajectory), and zero otherwise.

The road-network constrained trajectory comes from the most likely sequence of

hidden states of the HMM. Therefore, we use the Viterbi algorithm to compute the best
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Figure 5.5: Example of the proposed HMM-based model to reconstruct a given vehicle

trajectory. The states represented by green circles correspond to thespecial candidates.

path. The time complexity of the Viterbi algorithm is O(jTj � jEj2). Still, as only a small

subset of the states (the candidates) and transitions have a probability greater than

zero, the time complexity of our implementation isO(jTj � K hard
2). The reconstructed

trajectory is the concatenation of the arcs from the states (� i ; la
i ) returned by the Viterbi

algorithm, �lled with the arcs of the shortest paths between these states.

5.5 Evaluation

This section evaluates the e�ectiveness and e�ciency of the proposed framework to re-

construct vehicular trajectories and compares it to some related work. We replicated

each experiment �ve times and plotted the graphs with a con�dence interval of 95%.
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Also, we implemented the proposed framework and related work methods using the

C++ programming language. We performed all experiments on the same platform: a

server running OS Ubuntu 18.04.4 LTS with 128 GB of memory RAM, processor Intel(R)

Core(TM) i9-9900X CPU @ 3.50 GHz.

5.5.1 Dataset

We use the Rio Center Dataset of Trajectory Reconstruction (Chapter 4) and another

real-world dataset [107] in the experiments. The other dataset [107] consists of GPS

trajectories worldwide. Each of its trajectories is associated with a di�erent map and

has a sampling interval of one second. We use this dataset to evaluate the algorithms

with trajectories of varying sampling rates. To do so, we select 16 trajectories and, for

each one of them, generate others with sampling intervals ranging from 10 to 120 seconds,

with increments of 10 seconds, resulting in 192 trajectories.

5.5.2 Evaluation Metrics

We assess the accuracy of the methods with two widely used metrics: Road Mismatch

Fraction (RMF) [140] and F1 score. As for the performance, we measure the algorithms'

processing time. The RMF is given by Equation 5.6, whered+ is the total length of the

false-positive roads,d� is the total length of the false-negative roads, andd0 is the total

length of ground truth road-network constrained trajectory.

RMF =
d+ + d�

d0
(5.6)

Equation 5.7 computes theF1 score using the precision and recall of the data. The

precision (Pre) is the total length of the true positive roads divided by the total length

of the reconstructed trajectory. The recall (Rec) is the total length of the reconstructed

trajectory divided by the whole length of the ground truth road-network constrained

trajectory.

F1 = 2 �
Pre � Rec
Pre + Rec

(5.7)

5.5.3 Comparison Methods

We compare the proposed framework to three approaches from related work: 1) AntMap-

per [70], HMM (Newson and Krumm) [140], and ST-Matching [124]. The parameter
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settings of the AntMapper, HMM (Newson and Krumm), and ST-Matching algorithms

are the values recommended in their proposals [140] [124] [70]. In addition, we empow-

ered the related work solutions with the proposed technique to �ll the gaps between

map-matched points (i.e., we include the arcs comprising the shortest paths between the

matched locations), so they return valid trajectories, as de�ned in Section 5.3.

5.5.4 Parameter Estimation

We �rst estimate some of the parameters of the proposed framework (i.e.,K soft , K hard ,

Dsoft , Dhard , � , and � of the observation probability) by analyzing the trajectories of

the Rio Center Dataset for Trajectory Reconstruction. Then, we replicate the param-

eters through all experiments, including those of the second dataset, to verify that the

parameters are not biased towards the dataset.

The parameters of the candidate set selection algorithm improve the overall perfor-

mance of the framework because they limit the number of arcs (road segments) that the

other algorithms of the framework are going to process. However, we need to use values

that include all correct arcs in the candidate sets. For this, we calculate the ten closest

arcs of each point of the Rio Center dataset and order them by distance (we checked

that for this dataset, the correct arcs are always one of the ten closest arcs). Figure 5.6

shows the results.

The red circles in Figure 5.6 represent the correct arcs, and the blue circles are the

other arcs. The dataset comprises 395 trajectory points, so the �gure contains 395 red

circles and 3,555 blue circles (9 for each trajectory point). Two trajectory points have

the tenth closest arc as the correct arc. These arcs are at 47.37 and 23.42 meters from

their respective points. Furthermore, the farthest correct arc is at a distance of 86.49

meters from its trajectory point, and this arc is the seventh closest arc of the point.

Therefore, the optimal values ofDsoft and K soft to compute the candidate sets of the

Rio Center dataset with the least number of arcs without excluding any correct arc are

47.37 (we round upDsoft to 50) and 7, respectively. The blue region (diagonal blue lines)

contains the arcs limited by the optimalK soft , and the red region (diagonal red lines)

contains the arcs de�ned by the optimalDsoft . The union of these two regions comprises

the candidate arcs determined by the proposed algorithm. On the other side, the related

work methods would at least include the arcs outside these regions and therefore are less

e�cient.

The parameters� and � of the beta distribution are used to calculate observation
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Figure 5.6: Estimation of the parameters of the candidate set algorithm. The circles

represents the ten closest arc candidates for each trajectory point of the Rio Center

dataset (red circles are the correct arcs. The intersection of the regions with diagonal

lines comprises the arcs included in the candidate set by the proposed algorithm.

probabilities. We use the maximum likelihood method to �t the distribution of the angle

di�erences between the points and their correct arcs with the beta distribution (the

angles di�erences were normalized by dividing them by 180). Figure 5.7 presents the

results of the distribution �tting, in which we �nd � = 0:3636516 and� = 2:0333713.

Table 5.2 shows the values of all parameters. The importance of the standard devia-

tion � (i.e., GPS noise) and� parameter (exponential distribution in Equation 5.3) were

�xed based on experimental results.

5.5.5 Results

We �rst compare the methods using the Rio Center dataset, which has trajectories

of di�erent characteristics, but most of them with a sampling interval of 30 seconds.

Figure 5.8 shows the results.

One of the main factors that impact processing time is the approach used to limit
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Figure 5.7: Fitting the distribution beta of the angles di�erence by maximum likelihood.

the number of analyzed road segments during the reconstruction process. Therefore, the

proposed framework presents the lowest processing time due to the proposed candidate

set selection algorithm that e�ectively bounds the number of road segments processed.

On the other hand, Newson and Krumm's technique [140] has the worst processing time

because it considers all road segments within a distance of 200 meters of the points. We

veri�ed that, if empowered with our candidate set selection algorithm, the processing

time of Newson and Krumm's technique would be similar to the processing time of our

framework and ST-Matching algorithm because they have the same time complexity.

Figure 5.8 shows that the proposed algorithm outperforms the related work in terms

of accuracy. While the lower the road mismatch fraction (RMF), the better the results,

the F1 score is the inverse, so the higher, the better. Both metrics show that the proposed

framework produces more accurate road-network constrained trajectories, which deter-

mines the e�ectiveness of the models employed in the frameworks' algorithms. Besides

that, these results show that our preprocessing algorithm, which reduces the amount of

processed data, does not erroneously ignore data that may be useful for the reconstruc-

tion process.

Figure 5.9 analyzes the techniques when subject to trajectories with di�erent sam-
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Table 5.2: Framework default parameters value.

Parameter Value

K soft 7

K hard 10

Dsoft 50 m

Dhard 100 m

� 0.36

� (observation prob.) 2.03

� 20

� (transition prob.) 1
ln(2) � 20

pling rates using the dataset proposed in [107]. Although most real-world scenarios have

sampling intervals shorter than 30 seconds, we evaluate trajectories with sampling in-

tervals of up to two minutes. Overall, the proposed framework presents the best results

for all sampling rates, and Newson and Krumm's technique displays similar results for

sampling intervals greater than one minute. However, the processing time of the pro-

posed framework is signi�cantly shorter than the related work in all scenarios. One of

the main reasons for the low accuracy of related work to reconstruct trajectories with a

high sampling rate (less than 20 seconds) is the situation described in Section 5.4.4. Our

framework presents a higher accuracy even in these scenarios because of the proposed

technique that includes \special candidates," as described in Section 5.4.4.

Lastly, we analyze the impact of the candidate set selection technique on the perfor-

mance of the proposed framework. Figure 5.10 shows the experimental results ranging

K soft from 1 to 10 andDsoft from 10 to 200 meters (K hard and Dhard are �xed in 10 and

200, respectively). The results whereK soft = K hard or Dsoft = Dhard demonstrate the sce-

nario in which our framework uses the candidate set selection technique commonly used

by related work (i.e., the candidates are all arcs within a maximum search radius, limited

to the k-closest arcs). As expected, the higher the value ofK soft or Dsoft , the higher the

processing time because more arcs are processed. Besides that, whenK soft and Dsoft are

less than their optimal values shown in Section 5.5.4 (i.e.,K soft < 5 and Dsoft < 50), the

accuracy of the reconstructed trajectory drops. These results show that the proposed

technique reduces the processing time without compromising the framework's accuracy.
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Figure 5.8: Experimental results using theRio Center Dataset for Trajectory Recon-

struction.

5.6 Chapter Remarks

In this chapter, we proposed a novel framework to reconstruct road-network constrained

trajectories from GPS-based trajectories. The framework contains several components,

such as the candidate set selection algorithm, which optimizes the number of processed

road segments and, thus, reduces the processing time of the whole reconstruction process.

Furthermore, the proposed models improve the accuracy of the reconstructed trajectories.

We compared the framework to some related work (i.e., AntMapper [70], Newson

and Krumm [140], and ST-Matching [124]) through experiments using two real-world

trajectory datasets. These datasets allowed us to evaluate the ability of the methods to

reconstruct trajectories with di�erent characteristics, including trajectories of low and
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Figure 5.9: Results of the evaluation with di�erent sampling intervals through the public

available real-world dataset [107].

high sampling rates. The framework outperformed the related work in all scenarios both

in accuracy and processing time.

In future work, we plan to investigate the framework's ability to perform online

trajectory reconstruction. An initial step would be to assess the accuracy degradation

when reconstructing \partial trajectories," as this reproduces the online reconstruction

scenario.
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Figure 5.10: Results of the impact of the candidate set selection technique on the per-

formance of the proposed framework using theRio Center Dataset for Trajectory Recon-

struction.



Chapter 6

On the Prediction of Large-Scale

Road-Network Constrained

Trajectories

Trajectory data mining-based applications bene�t from the increasing availability of ve-

hicle trajectory and road network datasets. For instance, the application of trajectory

prediction makes it possible to design more e�cient routing protocols for vehicular net-

works. This chapter proposes a novel cluster-based framework for the long-term predic-

tion of road-network constrained trajectories. The framework employs a new hierarchical

agglomerative clustering algorithm and trains prediction models from historical trajec-

tory datasets. Experimental results show the framework's e�ectiveness and e�ciency

to predict trajectories with di�erent characteristics in a new real-world, large-scale sce-

nario. Furthermore, the framework outperformed the related work in terms of prediction

accuracy and time complexity.

6.1 Introduction

The rapidly changing mobility aspects of civilization and the advances of location-

acquisition technologies generate massive trajectory data. Given its applicability in

di�erent research �elds, this kind of data, called big trajectory data, is a critical compo-

nent for developing solutions to many problems found in modern society. For instance,

trajectory data is essential for tra�c analysis, location-based social networks, vehicular

networks, and other data mining applications.

81
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Mobility prediction is a pivotal application of big trajectory data. By analyzing

historical trajectory datasets, we can extract knowledge regarding a city's mobility pat-

terns and create, for instance, models of trajectory prediction, destination prediction,

and travel time prediction. Next, we can apply these prediction models in applications

such as the design of Intelligent Vehicular Networks.

In summary, vehicular networks are wireless communication systems that allow ex-

changing information between vehicles (V2V communication) and between vehicles and

roadside units (V2I communication) through typically a Dedicated Short Range Commu-

nication (DSRC) protocol. This type of network has di�erent communication challenges

because of the vehicular environment's characteristics. For instance, the network topol-

ogy is highly dynamic given the movement of vehicles. Therefore, we can design more

e�cient routing protocols and services for vehicular networks by predicting the vehicles'

trajectories [48].

The most suitable trajectory prediction technique for a given application depends on

several factors, such as the data representation and the prediction range. Some prediction

solutions use raw trajectories as input data. In contrast, others apply preprocessing

techniques to convert raw trajectories into road-network constrained trajectories, which

are more suitable for describing vehicle trajectories than raw trajectories [208, 46]. The

prediction methods can perform short-term or long-term predictions, i.e., maneuvers of

a few seconds or many road segments ahead, respectively. Most of the proposals in the

literature are for short-term trajectory prediction and, thus, are useful for applications

such as safety and autonomous vehicles [170, 100, 147, 201, 127, 2]. On the other side,

long-term trajectory prediction is useful for developing Intelligent Vehicular Networks

[43, 6, 55] and improving urban mobility in a broader sense [172, 44, 49].

Currently, most solutions in the literature for trajectory prediction use raw trajecto-

ries as input data to perform short-term predictions. In this work, we focus on the long-

term prediction of road-network constrained trajectories. When accurately constructed,

road-network constrained trajectories are most suitable to represent vehicle trajectories

than raw trajectories [46]. Therefore, we propose a novel and scalable cluster-based

prediction framework for road-network constrained trajectories. The framework is ap-

propriate to predict the next road segments of a partial trajectory using a dense dataset

of historical trajectories.

The key contributions of this Chapter are the following:

ˆ A novel hierarchical agglomerative clustering algorithm for road-network constrained

trajectories that automatically detects the appropriate number of clusters.
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ˆ A new trajectory prediction framework that employs the proposed clustering algo-

rithm. The framework employs multiple prediction models extracted from clustered

data, and we show that the trajectory's length a�ects the prediction accuracy pro-

vided by models these models. Therefore, we propose a new hybrid prediction algo-

rithm that considers the trajectory's length to dynamically select the most suitable

model to predict the trajectory's next steps.

ˆ An evaluation of the proposed framework and some related solutions using a new

large-scale dataset. Experimental results show that the new framework outperforms

the related work in terms of prediction accuracy and time complexity.

We organize the remainder of this Chapter as follows. Section 6.2 presents the re-

lated work. Section 6.3 introduces some basic de�nitions and formulates the problem.

Section 6.4 compares di�erent similarity measures for the prediction of road-network

constrained trajectories. Section 6.5 describes the proposed trajectory prediction frame-

work. Section 6.6 analyzes the frameworks' performance and compares it with some

related work. Finally, Section 6.7 concludes this work.

6.2 Related Work

The road-network constrained trajectory representation is a more precise model than

raw trajectories. However, most long-term vehicle trajectory prediction methods use

raw trajectories as input data [26]. One reason for this is the lack of publicly available

datasets of road-network constrained trajectories. Moreover, we rely on advanced algo-

rithms and data containing accurate road network de�nitions to precisely reconstruct

road network-constrained trajectories from raw trajectories [46]. Such algorithms and

data are becoming more available in recent years. Therefore, few trajectory prediction

methods use the road-network constrained trajectory representations [64, 182, 161], and

most of them use cluster-based approaches.

Some of the advantages of cluster-based approaches for the prediction of road-network

constrained trajectories are the following. First, prediction models can be more precise

if created from clusters of similar trajectories. For instance, we show in Section 6.6, the

improvements in the accuracy of predictions performed with models built from clustered

trajectories compared to models built from non-clustered trajectories. Improvements are

most noticeable when we try to predict several steps. Another bene�t of advanced cluster-

based approaches is that most proposed scalable clustering algorithms result in techniques
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that we can use with large-scale datasets. Other methods, such as the widely used

solution proposed by Froehlich and Krumm [64], require the computation of the distance

matrix between all trajectories, which is computationally prohibitive when dealing with

large-scale datasets.

We can summarize the process of cluster-based road-network trajectory prediction,

found in the literature, as a sequence of the following steps. The �rst step forms clusters

of similar trajectories by applying a clustering algorithm (e.g., DBSCAN [61], clusiVAT

[108], and dendrogram clustering [64]) powered by a custom similarity measure for vehicle

trajectories. The second step creates prediction models based on the trajectories of

each cluster. In most cases, the model is a Markov chain or a representative trajectory

constructed by merging the cluster's trajectories. Finally, the last step predicts a given

partial trajectory by �nding the most suitable cluster for the partial trajectory and then

applies the cluster's model constructed in the second step.

Tiwari et al. [182] proposed a method that extends the solution for predicting raw tra-

jectories proposed by Froehlich and Krumm [64]. For this, they introduced an additional

step that converts raw trajectories into road-network constrained trajectories. The solu-

tion proposed by Froehlich and Krumm [64] works as follows. First, they convert trips to

regular routes by clustering similar trips. They proposed a similarity measure based on

the Hausdor� distance [47] that computes the mean point-to-segment distance between

the compared trips. The similarity measure considers the directionality by matching each

trip's point to segments of the other trip with an index equal to or greater than the last

closest segment found. They use the similarity measure to create a trip similarity matrix

by comparing every trip in O(n2). Next, they use the matrix to cluster similar trips by

applying the dendrogram clusteringand convert the clusters to routes by merging each

cluster's trips. The merging algorithm resamples trips in the cluster at even distance in-

tervals, and the set of average points at every interval comprises the �nal route. Finally,

the route prediction works by continuously calculating the distance between the current

trip and existing routes. Then, the predicted route can be (i) the closest route, or (ii)

the closest route and a given probability based on past predictions (which depend on the

knowledge about the correctness of past predictions).

Rathore et al. [161] proposed theTraj-clusiVAT-based TP framework based on the

Markov model to make long-term predictions. That framework is based on the Markov

model and makes long-term predictions. The Traj-clusiVAT-based TP framework em-

ploys a modi�ed version of the two-stage clusiVAT clustering algorithm [108], called

Traj-clusiVAT. One of the modi�ed two-stage traj-clusiVAT algorithm's improvements
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is that it implements a new method to calculate, for each cluster, arepresentative trajec-

tory, which is used to distribute new trajectories to an existing cluster. Because of that,

the Traj-clusiVAT-based TP framework can handle big trajectory datasets in dense road

networks e�ciently. The Traj-clusiVAT-based TP framework has some drawbacks. The

framework represents the road network as an undirected graph, and we can not represent

most of the real-world road networks as undirected graphs. Other issues are related to

the dissimilarity measuretrajDTW . First, trajDTW can not compute the distance be-

tween trajectories if the road network is not strongly connected. Furthermore,trajDTW

de�nes the window parameterw for the DTW algorithm as w = 1
2 � minfj T1j; jT2jg, but

DTW does not work if w < jjT1j � j T2jj . The algorithm to compute the representative

trajectory (Algorithm 1 in [161]) for each cluster presents many issues. The algorithm

relies on an input parameter (minT ) to determine the minimum number of trajectories

required to cross a given road segment so that it can be part of the representative trajec-

tory. Thus, depending on the dataset and the input value for theminT parameter, the

algorithm will not �nd a representative trajectory for some clusters. Second, if we strictly

follow the algorithm, we can get an invalid representative trajectory when selecting the

representative trajectory's next road segment. This situation can happen because the

last road segment of the partial representative trajectory may not be connected to the

next selected road segment. Finally, the algorithm can enter an in�nite loop if, for two

connected road segments A and B, the next step of most trajectories that cross A is B,

and the next step of most trajectories that cross B is A.

In this chapter, we propose a new cluster-based prediction framework for directed road

networks. The prediction framework employs a new hierarchical agglomerative clustering

algorithm, which generates more meaningful clusters to calculate accurate prediction

models. Furthermore, we employ the DSL distance function to compare road-network

constrained trajectories, which works even if the road network is not strongly connected.

Also, we propose a new algorithm to compute the cluster's representative trajectory

that �xes the issues of the algorithm used in the Traj-clusiVAT-based TP framework.

Finally, we introduce a new hybrid prediction algorithm that considers the trajectory's

length to select the most suitable prediction model and improves the prediction stage's

performance.
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6.3 Preliminaries and Problem Formulation

In the following, we introduce some de�nitions to formulate the problem and present

some concepts required in the remainder of the Chapter.

6.3.1 Problem De�nition

De�nition. (Partial Trajectory) A partial trajectory T 1:P of a given trajectoryT is

a pre�x of T. That is, T 1:P = ( t1; t2; : : : ; tP ), where P � n.

Based on the de�nition of the road network, GPS-based trajectory, and road-network

constrained trajectory presented in Chapter 2, and the de�nition of Partial Trajectory

presented above, we formulate the following problems:

Problem 1. (i-step Trajectory Prediction) Given a road networkN , a historical

trajectory dataset with n trajectories denoted by � = (T 1; T2; : : : ; Tn ), a partial

trajectory T 1:P = ( t1; t2; : : : ; tP ), and an integer i > 0, the task is to predict

the future road segmentstP +1 ; tP +2 ; : : : ; tP + i . That is, the goal is to predict the

trajectory T pred , wherejTpred j = P + i and T1:P
pred = T 1:P .

Problem 2. (Trajectory Prediction) Given a road networkN , a historical trajec-

tory dataset with n trajectories denoted by � = (T 1; T2; : : : ; Tn ), and a partial

trajectory T 1:P = ( t1; t2; : : : ; tP ), the task is to predict the future road segments

tP +1 ; tP +2 ; : : : ; tP + n , wheren is unknown. That is, the trajectory prediction prob-

lem includes the problem of detecting the end of the trajectory.

Note that, from the above de�nitions, the vehicle is always in a road segment repre-

sented by an arc, and the predictions represent the possible subsequent road segments

connected to the vehicle's current arc. Therefore, the predictions depend on how we map

the road network into the graph representation. For instance, it is better to represent

a small roundabout as a single node instead of many small arcs forming a circle. Thus,

in this situation, the prediction will be regarding the next road segment that the vehicle

will travel after the roundabout (i.e., excluding the part referring to the roundabout).

Besides that, in some scenarios, the road network has many connected components, and

some components are not strongly connected. Thus, by de�nition, the predicted arcs

will always be from the same connected component in which the vehicle is.
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In this Chapter, we focus on thei -step trajectory prediction, i.e., Problem 1. The

trajectory prediction considering that the end of trajectory is unknown, i.e., Problem 2,

is part of future work.

6.4 Similarity Measures for the Prediction of Road-

Network Constrained Trajectories

A fundamental factor in any trajectory data mining task's performance is to identify

a suitable distance function/similarity measure to compare trajectories. For instance,

some methods for road-network constrained trajectories, such as TrajDTW, can provide

a notion of distance between trajectories that are close to each other even if they do not

have segments in common. These methods are useful for applications such as destina-

tion prediction. However, other applications such as trajectory prediction require exact

trajectory matching (i.e., when the accuracy depends on matching the road segments'

sequence). For these applications, distance functions that consider the intersection set

of road segments between compared trajectories, such as the Dissimilarity with length

(DSL) [196] and the Longest Common Road Segments (LCRS) [211], are more appropri-

ate.

We assessed the clustering tendency of the Rio Center Dataset for Data Mining

(described in Chapter 4) using the Hopkins statistic [84, 16] and the distance functions

DSL, LCRS, and TrajDTW to demonstrate the advantage of distance functions that

perform exact matching of road segments for applications such as trajectory prediction.

A Hopkins statistic value close to 1 indicates that the data is highly clustered, and a value

close to 0.5 suggests that the data is random. Using a sample of 1000 trajectories, the

Hopkins statistic values applying the DSL, LCRS, and TrajDTW distance functions are

0.94, 0.90, and 0.68, respectively. This result indicates that the distance functions that

perform exact matching of road segments (e.g., DSL and LCRS) are more appropriate

to cluster the trajectories.

In this work, we employ the DSL, which is similar to the LCRS, in the trajectory

prediction problem. As discussed in detail in Chapter 3, the DSL between two trajectories

is the sum of the road lengths of their disjoint set divided by the sum of the lengths of

both trajectories.
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6.5 Proposed Prediction Framework

This section presents a novel cluster-based framework to predict long-term road-network

constrained trajectories. The framework has a component responsible for training pre-

diction models from past trajectories and another one responsible for predicting a partial

trajectory based on the models. We �rst cluster the past trajectories using a new hier-

archical agglomerative clustering algorithm and extract a representative trajectory (RT)

and a �rst-order Markov chain model (MM) for each cluster. The cluster's representative

trajectories and Markov chain models, de�ned in Sections 6.5.1 and 6.5.2, respectively,

are used later for prediction.

6.5.1 Markov chain model

In the following, we de�ne a cluster's transition matrixM that represents a Markov chain

model. Each road segment of the road network represents a state of the Markov chain

M, and for any two adjacent road segmentsei and ej , we set the transition probability

Mei ! ej from ei to ej as:

P(Mei ! ej ) =
Iei ! ej

Rei

(6.1)

where Iei ! ej is the number of times the intersectionei ! ej is crossed by the cluster's

trajectories, and Rei is the number of times the cluster's trajectories traverse the roadei .

We also store in a count transition matrixC how many times the cluster's trajectories

traversed each intersectionei ! ej .

We improve the framework's space and time complexities by using balanced trees

instead of N � N matrices to store the M and C structures. That is because road

networks are typically sparse graphs by nature, and creating quadratic matrices of large

road networks can be infeasible. Besides that, some basic queries used in Markov chain-

based predictors have linear time complexity.

6.5.2 Representative Trajectory (RT)

We use the idea of the representative trajectory (RT) and the transition matrices to detect

the most suitable cluster for a given trajectory. This technique, described in Section 6.5.3,

is applied to both the clustering algorithm and the prediction component. Most methods

from the literature that compute a cluster's RT have high computational complexity [161]
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or present other issues (such as those of the method used in the Traj-clusiVAT-based TP

framework, discussed in Section 6.2). Therefore, we propose Algorithm 3 to compute the

clusters' representative trajectories. The algorithm uses the cluster's trajectories and the

densest road segments to construct the RT. The computed RT is not required to match

any trajectory from the cluster.

Algorithm 3 creates one representative trajectory (RT) for each cluster's trajectories

and chooses the RT with the maximum score as the cluster's RT. The process of com-

puting the RT and the RT's score for each trajectory works as follows. We start the RT

from the �rst road segment of the trajectory (Line 3). After, we choose the next road

segment using the cluster's count transition matrixC (Line 5). We increment the score

of the current RT (Line 8) by the number of trajectories that contain the intersection

between the last and next road segments (ClastRoad ! nextRoad ). We repeat this process

(Lines 4{13) until there is no next road segment, or the current RT already contains the

next road segment.

6.5.3 Assignment of trajectories to a cluster

An essential function of the prediction framework is to assign trajectories to existing

clusters. This step is used both in the clustering algorithm and in the prediction compo-

nent. The straightforward idea for this task is to use thenearest prototype rule(NPR),

which means to assign a given trajectoryT to the cluster k that minimizes the distance

betweenT and the cluster's representative trajectory. However, for some scenarios and

distance functions, using NPR can result in bad assignments. For instance, Rathore

et al. [161] observed poor performance of their undirected prediction framework when

using NPR powered with the trajDTW distance function. Thus, they proposed a hybrid

method that employs a probabilistic model to assign trajectories to a cluster and the

nearest prototype rule as a fallback method.

We propose a method based on the technique presented by Rathore et al. [161]. The

di�erences between our method and theirs are the following: (i) we use DSL instead of

trajDTW, and (ii) we identify when it is not possible to �nd a suitable cluster for the

trajectory. Algorithm 4 summarizes the proposed method. First, we select the clusterc

where the trajectoryT is most likely to occur, based on the transition matricesM (Lines

1{4). If we cannot �nd a cluster with a probability greater than zero, we use the nearest

prototype rule (Line 5). However, if there is noRT i with a non-empty intersection set

with trajectory T (i.e., @i 2 [1 : : k] ) DSL (T; RT i ) < 1), the algorithm returns � 1 to
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Algorithm 3 Representative trajectory computation

Input: � = f T1; T2; :::; Tng { cluster's trajectories

C { cluster's count transition matrix

Output: RT � (rt 1; rt 2; :::; rt l ) { the representative trajectory

1: RT  ; , bestScore � 1

2: for each T � (t1; t2; :::; tn ) 2 � do

3: currentScore 0, lastRoad t1, currentRT  (currentRoad)

4: while true do

5: nextRoad  f ej j j = arg min
j

ClastRoad ! ej g

6: if nextRoad6= ? ^ nextRoad =2 currentRT then

7: currentRT  currentRT [ nextRoad

8: currentScore currentScore + ClastRoad ! nextRoad

9: lastRoad  nextRoad

10: else

11: break

12: end if

13: end while

14: if currentScore> bestScorethen

15: bestScore currentScore, RT currentRT

16: end if

17: end for

18: return RT

indicate that the trajectory was not assigned to any cluster (Line 9).

6.5.4 Clustering algorithm for road-network constrained tra-

jectories

Algorithm 5 presents the proposed hierarchical agglomerative clustering algorithm for

road-network constrained trajectories. The algorithm, which automatically detects the

number of clustersk, receives as input the trajectories dataset � and provides as output

the clustered trajectories and the models used in the prediction component. That is,

the output of the algorithm consists of the number of clustersk, the set of clusters� ,

the clusters' representative trajectoriesRT , the clusters' Markov processes transition

matrices M , and the clusters' count transition matricesC.
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Algorithm 4 Hybrid NPR

Input: T � (t1; t2; :::; tn ) { a trajectory

RT � (RT1; RT2; :::;RTk) { clusters' representative trajectories

M � (M1; M2; :::;Mk) { clusters' transition matrices

Output: c { the cluster label for T

1: c  arg max
i

n� 1Q

j =1
Mi

t j ! t j +1

2: if
Q n� 1

j =1 Mc
t j ! t j +1

> 0 then

3: return c

4: end if

5: c  arg mini DSL(T; RT i )

6: if DSL (T; RT c) < 1 then

7: return c

8: end if

9: return � 1 . Cluster not found

In the algorithm's �rst step, we sort the trajectories by their length (number of road

segments) in non-increasing order (Line 2). In this way, we start the clusters using the

longest trajectories, which are more representative than smaller ones. Next, we process

each trajectory sequentially. First, we apply Algorithm 4 withT, RT , and M as input

data to select the most suitable cluster for the current trajectoryT (Line 4). If the

algorithm does not �nd any cluster for the trajectory T (Line 5), we start a new cluster

composed only ofT (Lines 6{8). Initially, the new cluster's RT is the trajectory T, and

we use the transitions found inT to calculate the cluster's transition and count matrices

(Line 7). Note that Algorithm 4 will return � 1 for the �rst trajectory as there are no

clusters initially. If we �nd a suitable cluster c for the current trajectory T (Line 9),

we useT 's transitions to update the clusterc transition and count matricesMc and Cc

(Line 10), and add trajectory T to cluster c (Line 11). After processing all trajectories,

we calculate each cluster's de�nitive RT using Algorithm 3 (Lines 14{16).

6.5.5 Prediction

We build more accurate prediction models by clustering the trajectories before calculat-

ing the models. However, the assignment of a trajectory to a cluster is less precise if the

trajectory is too small. For instance, this can happen if we assign a partial trajectory
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to a cluster when the vehicle just started its route (e.g., trajectory with only one road

segment), resulting in less accurate predictions. We con�rmed this from our experiments'

results (Section 6.6). Therefore, we propose a new hybrid algorithm to predict the next

steps of a partial trajectory. Besides the prediction models calculated by the cluster-

ing algorithm, we extract a Markov process transition matrixM complete from the entire

dataset. The transition matrix M complete is applied instead of the cluster's transition

matrices when the size of the partial trajectory is less than a given threshold controlled

by the parameterHybrid Step Change.

Algorithm 6 performs the i -step predictions of a given partial trajectoryT1:P =

(t1; t2; :::; tP ) sequentially. The algorithm receives as input the partial trajectoryT1:P ,

an integer i > 0, the parameterHybrid Step Change, and the trained models (i.e., the

transition matrix M complete and the clusters' RT and transition matricesM ).

For each step prediction, we apply the complete transition matrixM complete until the

size of the predicted trajectory is greater than or equal tohsc. If the size of predicted

trajectory is greater than or equal tohsc (Line 3), we use Algorithm 4 to select the

most likely cluster c for the trajectory Tpred (Line 5), and fallback to the �rst cluster if

Algorithm 4 returns � 1 (Lines 6{8).

After deciding which transition matrix M current to use (Lines 3{12), we predict the

next step as follows. First, we select the most likely road segment using the transition

matrix M current and the last road segment of the current predicted trajectoryTpred (Line

14). If the transition probability from the last road segment to the next road segment

(predicted road segment) is greater than zero (Line 15), we append the next road segment

to the predicted trajectory (Line 16). Otherwise, we �nish the prediction process with

less thani -steps predicted.

6.6 Performance Evaluation

This section evaluates the e�ectiveness and e�ciency of the proposed framework and

compares it to some related work. We replicated each experiment �ve times and plot-

ted the graphs with a con�dence interval of 95%. Also, we implemented the proposed

framework and related work using the C++ programming language. We performed all

experiments on the same platform: a server with 128 GB of memory RAM, processor

Intel(R) Core(TM) i9-9900X CPU @ 3.50 GHz, and OS Ubuntu 18.04.4 LTS. We assess

the clustering algorithm in Section 6.6.4 and the prediction framework in Section 6.6.5.
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6.6.1 Dataset

We use theRio Center Dataset for Data Mining (Chapter 4) in the experiments. We

randomly select 70% of the trajectories to comprise the training dataset and generate

the prediction dataset using the remaining trajectories. From each prediction trajectory

T i from the training dataset, we generatejT i j � 1 partial trajectories T1:1
i , T1:2

i , . . . ,

T1:jT i j� 1
i with the pre�xes of T i . Finally, from each partial trajectory T1:j

i , we perform

jT i j � j i -step trajectory predictions (1� i � j T i j � j ).

6.6.2 Evaluation Metrics

For a given trajectory T, a partial trajectory T1:P of T (1 � P < jTj), and a predicted

trajectory Tpred (P < jTpred j), we de�ned the following metrics to assess the accuracy of

the prediction methods.

Prediction Accuracy (PA)

The prediction accuracy is the ratio of correctly predicted locations to the maximum

of the size di�erences between the predicted and actual trajectories from the partial

trajectory. Formally, PA(T; T1:P ; Tpred) is de�ned as

PA(T; P; Tpred) =
1

n� P
�

nX

i = P +1

H (T i ; T i
pred); (6.2)

where

n = maxfj Tj; jTpred jg

H (T i ; T i
pred) =

8
<

:
0; if jT j < i or jTpred j < i or T i 6= T i

pred

1; otherwise

i-step Prediction Accuracy (iPA)

The i -step prediction accuracy is de�ned for a giveni and trajectoriesT, T1:P , and Tpred

if and only if 0 < i � j Tj � P and jTpred j � j T j. Formally, the i -step prediction accuracy

iPA (i; T; T 1:P ; Tpred) is de�ned as

iPA(i; T; P; Tpred) = PA(T1:(P + i ) ; T1:P ; T1:(P + i )
pred ) (6.3)

whereT1:i
pred is the i-sized pre�x of Tpred.
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6.6.3 Comparison Methods

We compare the proposed framework to the previous version of our framework [45], which

we call Framework (v0), and to two other approaches [161], described below.

Traj-clusiVAT-based-TP*

We implement an adapted version of the Traj-clusiVAT-based-TP framework [161] to

work with directed road networks, which we callTraj-clusiVAT-based-TP* . We intro-

duced some improvements to overcome most of the limitations of the Traj-clusiVAT-

based-TP framework discussed in Section 6.2. For instance, we �xed the trajDTW

algorithm by modifying the de�nition of the window parameter w to w = maxf 1
2 �

minfj T1j; jT2jg; jjT1j � j T2jjg. We also de�ned the road network distance between arcse1

and e2 of a directed road network as

dist(e1; e2) = length( e1) + length( e2) + min f dist(e1:to; e2:from); dist(e2:to; e1:from)g

(6.4)

and removed the third step of the Traj-clusiVAT-based-TP framework as it was only

necessary because of the undirected road network.

First-order Markov chain model

Grouping similar trajectories can help construct better prediction models because of

the diversity of trajectories in a dataset. For instance, we can construct better models

with similar trajectories in a small region rather than with longer trajectories across this

small region. However, if the training dataset is small, the clustering step can have a

diverse impact. Therefore, models constructed from the entire dataset can present better

prediction accuracy for some scenarios. To evaluate this scenario, we implemented a

single �rst-order Markov chain model from the entire training dataset using the approach

discussed in Section 6.5.1.

6.6.4 Clustering Results

Some of the advantages of the proposed clustering algorithm are the following. Unlike the

related work, the proposed clustering algorithm automatically detects the appropriate

number of clusters. The algorithms used inFramework (v0) and Traj-clusiVAT-based-

TP* , on the other hand, rely on input parameters to control the number of clusters.

Another disadvantage of the related work algorithms is that they randomly assign to
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some cluster trajectories that should not be part of any cluster (e.g., outliers). These

wrong assignments negatively a�ect the prediction models extracted from the clusters.

On the other hand, our algorithm detects these outliers and creates separate clusters for

them.

Figure 6.1 shows, in non-increasing order, the number of trajectories in the clusters

found by each algorithm. The proposed algorithm results in more clusters than the

related work. However, most of the clusters are composed of less than ten trajectories,

as shown in Figure 6.1a. These small clusters contain the outliers found in the dataset.

On the other hand, the other solutions assign the outliers to any of the existing clusters,

resulting in clusters of similar sizes. Figure 6.1b shows the cumulative sum of cluster size.

We can see that the �rst few clusters found by our algorithm contain almost the entire

dataset. This result is consistent with the behavior observed on a city's road network,

in which most vehicles move between crowded regions and follow similar paths.

Figures 6.2, 6.3, and 6.4 display the representative trajectories RT from each of the

twenty largest clusters found by each solution. The new hybrid framework and its previ-

ous versionFramework (v0) use the same algorithm to extract a cluster's representative

trajectory. However, we can see that the representative trajectories from the new pro-

posal's largest clusters cover more regions of the road network, as expected because these

clusters represent a greater number of trajectories in the dataset. TheTraj-clusiVAT-

based-TP* could not calculate the RT of some clusters, as discussed in Section 6.2.

Finally, Figures 6.5 and 6.6 show a sample of trajectories from the twenty largest

clusters found by the New Hybrid Framework and its previous version, respectively.

The �gure shows the top ten trajectories from each of the twenty clusters, totaling 200

trajectories. We can see that the proposed algorithm clusters have less overlap and cover

more road segments from this sample.

6.6.5 Prediction Results

Prediction Accuracy

Figure 6.7 presents the average accuracy of thei -step trajectory predictions for 1 �

i � 50. As expected, the prediction accuracy for all solutions decreases as the number of

predicted steps increases. The�rst-order Markov Chain , which does not apply clustering

before creating the prediction models, shows high prediction accuracy for few prediction

steps (i < 20) and the worst prediction accuracy when trying to predict many steps (i �

30). The solutions that employ prediction models from clustered data (i.e.,Framework
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(v0) and Traj-clusiVAT-based-TP* ), on the other side, present the worst results for

predicting few steps but overcome the�rst-order Markov Chain for high values of i.

This result occurs because the precision of the assignment of trajectories to a cluster

depends on the trajectory size. Therefore, the accuracy of prediction models extracted

from clustered data is low if the partial trajectory is small.

The proposed framework outperforms all solutions for alli values. For smalli values,

the proposed framework's accuracy is at least as good as that of�rst-order Markov

Chain since we employ the prediction model extracted from all trajectories if the partial

trajectory is short (smaller than the hybrid step changeparameter). As the predicted

trajectory size increases, we begin applying the models extracted from clustered data,

resulting in high prediction accuracy for largeri values. Finally, the new framework

outperforms its previous version because of the hybrid prediction approach discussed

above and the new hierarchical clustering algorithm results in better clusters.

Processing Time

Figure 6.8a shows the average processing time of thei -step trajectory predictions. The

Traj-clusiVAT-based-TP* presents the highest processing time since it executes the

hybrid-NPR algorithm once for each step predicted, resulting in increasing computa-

tional complexity for larger i values. Figure 6.8b displays the prediction processing time

excluding the Traj-clusiVAT-based-TP* framework. The proposed framework and its

previous version show a higher processing time when compared to the�rst-order Markov

Chain mainly because the�rst-order Markov Chain does not have a clustering step.

Finally, the new framework's processing time is better than that of its previous version

since the new version applies the clustering step only wheni is greater than thehybrid

step change.

Figure 6.9 shows the average processing time of the training phase. The�rst-order

Markov Chain only extracts the transition matrix from the dataset and presents the

fastest training phase. As expected, theTraj-clusiVAT-based-TP* presents the slowest

training phase, primarily because of the trajDTW distance measure. The trajDTW

uses the Dijkstra algorithm to compute the road network distance between arcs. In the

results showed in Figure 6.9, we precomputed the distance matrix and ignored this time

overhead. Even so, the overhead of performing lookups on such a large distance matrix

resulted in this performance. As for the proposed solution, the new framework presents a

shorter processing time than its previous version since the new clustering algorithm has

a better time complexity than that of the algorithm used in our framework's previous
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version.

Impact of Parameters

Lastly, we assess the impact of the parameterhybrid step changeon the framework's

prediction accuracy. We performed experiments usinghybrid step changevalues from 1

to 50. Figure 6.10 shows the results. We can see that thehybrid step changedoes not

in
uence the prediction accuracy when performing predictions of few steps. However, as

we increase the number of predicted steps, the value ofhybrid step changea�ects the

results. Overall, values of thehybrid step changebetween 9 and 14 provide the best

results, showing that the assignment of a trajectory to a cluster is more precise when

the trajectory size is at least 9. Moreover, the prediction accuracy decreases for greater

values ofhybrid step change. That occurs because, with these values, the framework uses

the transition matrix extracted from the entire training dataset when the models from

the clustered data are a better option (i.e., for longer trajectories).

Parameter Tuning

As the Rio Center Dataset for Data Mining contains a large number of trajectories

(526,467 trajectories recorded during four months), and its region corresponds to a full-

scale metropolitan area, these experimental results can be generalized to represent the

framework's behavior when used to predict trajectories from di�erent parts of the world.

Therefore, in line with the results of the experiments, we suggest a value of ten for the

hybrid step changeparameter, which should produce satisfactory results when applied

in most scenarios.

6.7 Chapter Remarks

In this chapter, we proposed a novel cluster-based trajectory prediction framework. This

novel solution trains prediction models from historical datasets to perform long-term

predictions of road-network constrained trajectories. We highlighted the scalability of

the framework, which, due to the cluster-based technique, allows the framework to train

large databases e�ciently.

We compared the framework to some related work through experiments using a new

large-scale real-world trajectory dataset. The framework outperformed the related work

in terms of i -step prediction accuracy. Moreover, the framework presented the best time
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complexity in both the training and prediction phases among the solutions based on

clustering.

As future work, we plan to investigate other clustering algorithms and the impact

of other similarity measures on the framework's performance. Besides that, we plan to

extend the framework to perform trajectory predictions without knowledge regarding the

number of steps to predict, which means to detect the end of the predicted trajectory.
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Algorithm 5 Clustering road-network constrained trajectories

Input: � � f T1; T2; :::; Tng { trajectory dataset

Output:

k { the number of clusters

� � f � 1; � 2; :::; � kg { the set of clusters

RT � f RT1; RT2; :::;RTkg { clusters' representative trajectories

M � f M1; M2; :::;Mkg { clusters' transition matrices

C � f C1; C2; :::;Ckg { clusters' count transition matrices

1: k  0, �  ; , RT  ; , M  ; , C  ;

2: Sort � in non-increasing order by the number of road segments

3: for each T i = ( t1; t2; :::; tn ) 2 � do

4: c  Execute Algorithm 4 with T, RT , and M as input data to select the most

suitable cluster for trajectory T

5: if c 6= � 1 then . Cluster not found

6: k  k + 1

7: M, C  compute cluster's transition and count matrices fromT i

8: � k  f T i g, RTk  T i , Mk  M, Ck  C

9: else . Cluster found

10: Update Mc and Cc with T i 's road transitions

11: Append T i to � c

12: end if

13: end for

14: for i  1 to k do

15: RT i  compute cluster's representative trajectory using Algorithm 3

16: end for

17: return k, � , RT , M and C
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Algorithm 6 i -step Trajectory Prediction

Input: T1:P � (t1; t2; :::; tP ) { a partial trajectory

i { number of steps to predict

hsc { hybrid step change

M complete { complete transition matrix

RT � (RT1; RT2; :::;RTk) { set of representative trajectories

M � (M1; M2; :::;Mk) { cluster's transition matrix

Output: Tpred { the predicted trajectory

1: Tpred  T1:P , lastRoad  tP , c  � 1

2: for each j 2 [0 : : i � 1] do

3: if jTpred j � hsc then

4: if c = � 1 then . Trajectory not assigned to a cluster yet

5: c  Assign trajectory Tpred to a cluster using Algorithm 4

6: if c = � 1 then

7: c  1 . Defaults to the �rst cluster

8: end if

9: end if

10: M current  Mc . Use the cluster's transition matrix

11: else

12: M current  M complete . Use complete transition matrix

13: end if

14: nextRoad  arg max
r

Mcurrent
lastRoad ! r

15: if Mcurrent
lastRoad ! r > 0 then

16: Tpred  Tpred [ nextRoad

17: lastRoad  nextRoad

18: else

19: break

20: end if

21: end for

22: return Tpred
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(a) Clusters size in non-increasing order.

(b) Cumulative sum of the clusters size in non-increasing order.

Figure 6.1: Clusters size.
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Figure 6.2: Representative trajectories from the twenty largest clusters found by the New

Hybrid Framework.
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Figure 6.3: Representative trajectories from the twenty largest clusters found by the

Framework (v0).
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Figure 6.4: Representative trajectories from the twenty largest clusters found by the

Traj-clusiVAT-based-TP* framework.
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Figure 6.5: Ten longest trajectories from each of the twenty largest clusters found by the

New Hybrid Framework..
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Figure 6.6: Ten longest trajectories from each of the twenty largest clusters found by the

Framework (v0).
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