THE HONG KONG
Q POLYTECHNIC UNIVERSITY
& Fenian

Pao Yue-kong Library
BEREEE

Copyright Undertaking

This thesis is protected by copyright, with all rights reserved.
By reading and using the thesis, the reader understands and agrees to the following terms:

1. The reader will abide by the rules and legal ordinances governing copyright regarding the
use of the thesis.

2. The reader will use the thesis for the purpose of research or private study only and not for
distribution or further reproduction or any other purpose.

3. The reader agrees to indemnify and hold the University harmless from and against any loss,
damage, cost, liability or expenses arising from copyright infringement or unauthorized
usage.

IMPORTANT

If you have reasons to believe that any materials in this thesis are deemed not suitable to be
distributed in this form, or a copyright owner having difficulty with the material being included in
our database, please contact lbsys@polyu.edu.hk providing details. The Library will look into
your claim and consider taking remedial action upon receipt of the written requests.

Pao Yue-kong Library, The Hong Kong Polytechnic University, Hung Hom, Kowloon, Hong Kong

http://www.lib.polyu.edu.hk




SPATTIAL KEYWORD QUERY PROCESSING
OVER ROAD NETWORKS

WENGEN LI

Ph.D

The Hong Kong Polytechnic University

This programme is jointly offered by The Hong Kong
Polytechnic University and Tongji University

2018



The Hong Kong Polytechnic University
Department of Computing

Tongji University

Department of Computer Science and Technology

Spatial Keyword Query Processing over Road
Networks

Wengen LI

A thesis submitted in partial fulfilment of the requirements

for the degree of Doctor of Philosophy

May 2017



CERTIFICATE OF ORIGINALITY

[ hereby declare that this thesis is my own work and that, to the best of my knowledge
and belief, it reproduces no material previously published or written, nor material
that has been accepted for the award of any other degree or diploma, except where

due acknowledgement has been made in the text.

(Signed)

Wengen LI (Name of student)

iii



v



Abstract

With the rapid development of geo-positioning techniques and high-speed mobile
networks, location-aware applications like location-based services, location-based so-
cial networks and intelligent driving navigation have been gaining tremendous pop-
ularity in recent years. When using these location-aware applications, users often
issue queries with both spatial and textual requirements, e.g., searching restaurants
within one kilometer from the current location, where the term “restaurants” is tex-
tual requirement while “within one kilometer from the current location” is spatial
requirement. To provide users query services regarding both spatial and textual re-
quirements, the research community has proposed Spatial Keyword Query which
combines traditional spatial query in spatial databases and keyword query in infor-
mation retrieval.

Specifically, given a spatial keyword query with spatial requirement (e.g., query
location and spatial range) and textual requirement (usually described by query key-
words), both of (i) the spatial relationship (e.g., spatial proximity) between target
objects and the spatial requirement and (ii) the textual relevance between the tex-
tual descriptions of target objects and query keywords are considered. In the past
decade, extensive studies have been conducted to solve all kinds of spatial keyword
queries. However, these studies mainly focus on Euclidean space and cannot ef-
fectively support spatial keyword queries over road networks on which the spatial
proximity between two locations is network distance rather than Fuclidean distance.
Considering that people’s travel routes are restricted by road networks, and the Eu-
clidean distance and network distance between two locations could be quite different,
it is of high necessity to study spatial keyword query over road networks. In addition,
existing spatial keyword queries mainly aim to locate the target objects and ignore

the function of routing, and are thus unable to provide complete travel solutions
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to get to the target objects. Motivated by these observations, this thesis focuses
on“Spatial Keyword Query Processing over Road Networks” and aims to
propose effective solutions to the following three typical types of interesting queries:

First, we study services locating over road networks to find the locations of
required services. For this type of query, we propose Range Spatial Keyword
(RSK) query to retrieve all the objects that are textually relevant to the query
keywords and locate within a given range from the query location. Though RSK
query has received extensive studies in Euclidean space, little has been done to deal
with it over road networks. To process RSK query over road networks efficiently,
we first propose an expansion-based approach based on the locality of RSK query.
Then, we improve the efficiency of this approach based on the observation that
road network distance is always larger than or equal to the corresponding Euclidean
distance between two locations. In addition, to ensure high scalability on large road
networks and RSK queries of large query ranges, we design an Rnet Hierarchy index
and devise an efficient query processing algorithm based on this index. According
to the experiments, Rnet Hierarchy-based approach can deal with RSK queries over

road networks of millions of vertices.

Second, to search a route relevant to query keywords, we propose two queries,
i.e., Keyword Coverage Route (KCR) query and Bounded-Cost Informa-
tion Route (BCIR) query. Given a set of query keywords, KCR query retrieves
an optimal route such that its length is less than a distance threshold and it cov-
ers the most query keywords. By contrast, BCIR query retrieves the optimal route
whose textual relevance to the query keywords is maximized and cost (e.g., length
and travel time) is less than a cost budget. Different from KCR query, BCIR query
considers general cost rather than the spatial distance and aims to maximize the
global textual relevance rather than maximizing the number of query keywords on
the routes. KCR query is particularly helpful for tourists to search the routes cover-
ing many interested objects while BCIR query is useful for tourists and city explorers
to search for routes of specific topics. Both KCR query and BCIR query are NP-hard

problems without solutions of polynominal time complexity. To solve KCR query, we
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propose an adaptive route sampling framework under which both static and dynamic
route sampling techniques are proposed. Particularly, the dynamic route sampling
can obtain routes of high quality by learning knowledge from the routes sampled
previously. The proposed framework can flexibly compute query results of different
qualities according to the response time limit, thus avoiding the low efficiency of
traditional exact solutions and the low quality of approximate solutions. To solve
BCIR query, we propose different solutions for different application scenarios. On
the one hand, we design an exact solution for the BCIR queries of small cost bud-
gets and propose multiple pruning techniques to reduce the searching space. On the
other hand, we propose a time-bounded solution and an error-bounded solution for
BCIR queries of large cost budgets. Time-bounded solution initializes a set of can-
didate routes and keeps refining them until reaching the given response time limit.
Error-bounded solution is adapted from the exact solution by relaxing the prun-
ing requirement to improve the pruning efficiency and can greatly reduce the query
processing time while guaranteeing the quality of query results.

Third, considering that the travel times of routes are uncertain and dynamical-
ly changing over time, we propose uncertain road network model which represents
the travel time of each road by a dynamic discrete random variable. Then, we
propose the Probabilistic Time-constrained Route (PTR) query to retrieve
keyword-aware routes over this model such that (i) the returned routes sequentially
pass multiple categories of POIs (points of interest, e.g., bank and restaurant) ac-
cording to the order of given query keywords and (ii) the travel times of routes are
small in high confidence. To answer PTR queries efficiently, we propose a two-phase
query approach which first generates a small set of candidate routes by employing
effective pruning strategies regarding the service time constraints on POIs and the
probabilistic/rank requirements of queries. A refinement operation based on Monte
Carlo sampling is then conducted over the candidate routes to compute the final

results.
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Chapter 1

Introduction

1.1 Background and Motivation

In recent years, location-aware applications receive tremendous popularity due to
the wide spread of smart mobile devices and the rapid development of techniques
in geo-positioning and mobile communication. For example, navigation systems are
widely used for planning routes by drivers; location-based services (LBSs) provide
services ranging from entertainment to accommodation; location-based social net-
works bridge the virtual social networks and the physical world; and geo-marketing
brings more convenient and efficient business promotion. Users often issue queries
with both spatial and textual attributes when using these location-aware applica-
tions. For example, a query searching all the restaurants within one kilometer from
the current location has spatial attribute “within one kilometer from the curren-
t location” and textual attribute “restaurants”. Another example is to search the
k nearest banks where “k nearest” and “banks” are spatial and textual attributes,
respectively. Therefore, we need an efficient way to process queries with both spa-
tial and textual attributes, which is one common concern for many location-aware
applications.

The research community has identified this issue and proposed spatial keyword

query [18] which combines traditional spatial query in spatial database and keyword



query in information retrieval. Specifically, a spatial keyword query considers both of
the spatial proximity between target query objects and query location and the textu-
al relevance between the textual descriptions of target objects and query keywords.
Here, the objects could be any spatio-textual data that contains spatial and textual
attributes, e.g., Points of Interest (POIs) with locations and textual service descrip-
tions from Google map, geo-tagged comments from Foursquare, geo-tagged photos
with text tags from Facebook, geo-tagged posts from twitter, and location-based ad-
vertisements from different shopping Web sites. For example, Figure 1.1 illustrates
the distribution of POIs in New York and those POIs with textual descriptions on
the island of Richmond County in New York, where lines in the background rep-
resent road network and points represent all kinds of physical objects like hotels,

restaurants, banks, and cinemas.
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Figure 1.1: The distribution of POIs in New York and the POIs with textual de-
scriptions in Richmond County.

In the past decade, a considerable number of spatial keyword queries based on
Euclidean distance have been proposed. In these queries, spatio-textual data is rep-
resented as individual spatio-textual objects and each spatio-textual object contains
a spatial location and a piece of textual description consisting of keywords. Classical

spatial keyword queries include range spatial keyword query and top-k spatial key-
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word query, where range spatial keyword query retrieves those spatio-textual objects
that are located within some specified query region and contain the given query key-
words, top-k spatial keyword query searches for the k optimal spatio-textual objects
regarding the spatial proximity and the textual relevance between spatio-textual ob-
jects and queries. In addition, some specialized spatial keyword queries such as group
spatial keyword query, moving spatial keyword query, and reverse kNN spatial key-
word query are also proposed. The major challenge for processing spatial keyword
query is to deal with spatial query and keyword query simultaneously. To solve this
issue, different indexing methods and query processing algorithms are proposed.
Most existing studies on spatial keyword query are conducted in Euclidean space
where the spatial proximity between two locations is quantified by the Euclidean
distance. Spatial keyword queries in Euclidean space are useful in Web search engines
when spatial factor is involved. In reality, however, people’s travel routes are usually
strictly constrained by the topology structure of road network, especially for car
drivers. In many cases, the Fuclidean distance and the network distance between
two locations could be quite different. Therefore, it is of high necessity to study
spatial keyword query over road networks on which the spatial proximity between
two locations is measured by the network distance rather than the Euclidean distance.
Although there are already some studies on spatial keyword query over road
networks, it is still far from enough to cover all the existing types of spatial keyword
queries and many query problems remain unsolved. Compared with computing the
Euclidean distance between two locations, computing network distance is much more
time-consuming, thus increasing the difficulty to efficiently process the counterpart
spatial keyword queries over road networks. In addition, when it comes to road
networks, many new types of spatial keyword queries associated with route search
are emerging. For example, a user may issue a query to find a route that covers

a set of query keywords. These new queries should also be studied specifically.
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With the observations above, we thus propose the topic “Spatial Keyword Query
Processing over Road Networks” and study three typical types of queries as

discussed in Section 1.2.

1.2 Research Scope

This research topic will mainly focus on the following three types of spatial keyword
queries over road networks.

First, to effectively locate services, we propose Range Spatial Keyword (RSK)
query over road networks which searches for all the spatio-textual objects with textual
descriptions relevant to the query keywords and locations within a specified area.
Though RSK query has received extensive studies in Euclidean space, little has been
done to deal with it over road networks. To process RSK query over road networks
efficiently, we propose alternative approaches with different indexing strategies and
query processing algorithms.

Second, to search a route relevant to query keywords, propose Keyword Coverage
Route (KCR) query and Bounded-Cost Informative Route (BCIR) query. KCR query
allows users to specify their interests by query keywords and returns a route that
has a distance less than a distance threshold and covers the most number of query
keywords. KCR query is particularly helpful for tourists. For example, a tourist
may wish to find a route from a scenic spot to her hotel to cover many local artware
shops. To make full use of spatio-textual data and provide users an easy way to
describe their preferences for travel routes, BCIR query retrieves the routes that
are most textually relevant to user-specified query keywords while satisfying a travel
cost budget. BCIR query treats the textual description of each route as a document
and leverages an information retrieval model to compute its textual relevance to the

query keywords, thus different from KCR query.



Third, in practice, traffic conditions over road networks are inherently uncertain
and dynamically varying over time, which makes it rather challenging to provide
accurate results for route queries based on travel time. Inspired by this observation,
we consider the practical settings of road networks and model them by uncertain road
networks (URNs) on which the travel time of each road is uncertain and captured by
a set of travel time samples. Then, we formalize the Probabilistic Time-constrained
Route (PTR) query over uncertain road networks to retrieve those routes that not
only cover required spatio-textual objects with constrained service time but also have

the minimum travel times in high confidence.

Route planning LBS Recommendation || Urban renewal Applications
RSK query KCR query BCIR query PTR query Retrieval
Spatial indexing = Textual indexing == Graph indexing | Hybrid indexing Indexing
Data
Map-matching Objects extraction ‘ Geo-coding processing
} 3 3
Road Spatio- Traffic Datasets
network - textual data_~ .~ data

Figure 1.2: Research framework for spatial keyword query processing over road net-
works.

Figure 1.2 presents the research framework for this topic. For each spatial key-
word query, we need to design a suite of specific techniques for data processing,
indexing and query processing altogether. Then, the queries can be applied in dif-
ferent application scenarios. It is worth noting that many spatial keyword queries
over road networks are NP-hard. For example, all KCR, query, BCIR query and PTR

query are NP-hard problems, which will be proved in the corresponding chapters. As



of writing this thesis, we cannot expect an exact processing algorithm of polynomial
time complexity for these three queries since P=NP remains unproved. Therefore, to
efficiently process these queries, we aim to design either exact query processing algo-
rithms with effective pruning techniques or approximate query processing algorithms

with high efficiency and quality guarantee.

1.3 Organization

! I H 1
i i i Chapter 4 i

i Chapter. ! i i RSK Query i

! Introduction ! H !

E 1 E i e i Chapter 8

1 3 1 H

i _ Chapter2 E |$E r St ‘ i|:> [Conclusion & Future]
1 Literature Review | i i Chapter 6 : Work

i | {1 _BORQuery J |

! Chapter 3 i 1 N !

i Preliminaries ! H Chapter 7 !

i ! i L PTR Query ) i

Figure 1.3: The organization of this thesis.

As illustrated in Figure 1.3, this thesis contains eight chapters where

e Chapter 1 introduces the background, highlights the motivations for studying

spatial keyword query over road networks, and overviews the research scope;

e Chapter 2 reviews the related work and discusses the gap between the prac-
tical requirement for spatial keyword query processing and the existing tech-

niques;

e Chapter 3 provides the definitions of road network and spatio-textual objects,
briefly introduces the basic indexing structures that will be used for facilitating
query processing, and summarizes the datasets used for evaluating the perfor-

mance of proposed solutions;



Chapter 4 proposes range spatial keyword (RSK) query and designs three
approaches with different indexing structures based on the properties of road

network and RSK query;

Chapter 5 proposes keyword coverage route (KCR) query, analyzes its hard-
ness, and proposes an adaptive route sampling framework that can flexibly
return query results of different qualities according to the given response time

limits;

Chapter 6 proposes bounded-cost informative route (BCIR) query, discusses
its difference with existing route queries, and designs one exact solution with
effective pruning methods and two approximate solutions with performance

guarantees;

Chapter 7 defines probabilistic time-constrained route (PTR) query over un-
certain road network models and designs a two-phase solution to efficiently

process queries.

Chapter 8 concludes the thesis and highlights the future work relevant to road

network and spatio-textual data.






Chapter 2

Literature Review

Spatial keyword has been studied for around ten years and a comprehensive survey
on spatial keyword query could be found in [18]. According to the spatial aspect (i.e.,
the distance metric between two locations), exiting spatial keyword queries can be
classified into two categories, i.e., spatial keyword queries in FEuclidean space
and spatial keyword queries over road networks. For spatial keyword queries
in Euclidean space, the spatial distance between two locations is Euclidean distance.
In contrast, the spatial distance between two locations in spatial keyword queries
over road networks is the network distance. The details of these two lines of research
are elaborated in Sections 2.1 and 2.2, respectively. In addition, we also review the
relevant work on route query over road networks since three of the four queries we

will study are route queries.

2.1 Spatial Keyword Query in Euclidean Space

In the past decade, many spatial keyword queries in Euclidean space [18, 7] are

proposed, which are elaborated as below.

e Range Spatial Keyword Query [20, 24, 42, 49, 80, 103|: Range spatial key-
word query retrieves relevant spatio-textual objects within a given query range

such that their textual descriptions contain query keywords or are relevant to

9



the query keywords in terms of some relevancy functions. In general, the query
region is specified by a geometry shape, e.g., circle and square. The original so-
lution [103] to range spatial keyword query first retrieves all the spatio-textual
objects within the query range and then conducts a detailed examination on the
retrieved spatio-textual objects based on their textual relevance to the query
keywords. This solution is however inefficient for large-size datasets. To solve
this inefficiency issue, previous studies try to embed traditional textual indices,
e.g., Inverted Index [104] and Signature File [29] into an R-tree [40] or its vari-
ants. Almost all the proposed approaches for range spatial keyword query in
Euclidean space are based on these hybrid indices. During the query process-
ing, spatial proximity and textual relevance are computed simultaneously, thus

making it efficient to prune irrelevant branches as soon as possible.

Boolean kNN Query [12, 31, 85]: Given a query location and a set of query
keywords, Boolean kNN query retrieves the k nearest spatio-textual objects

that contain all the query keywords.

Top-k Spatial Keyword Query [12, 25, 55, 70, 84]: Essentially, Boolean
kNN query utilizes query keywords as a filter to find out those objects con-
taining query keywords and then return the k nearest ones from the query
location. Differently, top-k spatial keyword query combines spatial proximity
and textual relevance with a score function and retrieves those spatio-textual

objects having the top-k largest scores.

Group query [4, 9, 10, 38, 58, 75, 98, 99, 101]: Instead of requiring spatol-
textual objects to satisfy the query keywords requirement independently, group
spatial keyword query aims to retrieve a set of spatio-textual objects to satisfy

the query keywords requirement collectively.
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e Moving query [45, 83, 86, 87, 89, 90]: For moving spatial keyword query, the
query location is continuously moving and the corresponding query results also

need to be updated frequently.

e Why not query [16, 17, 19, 57]: When issuing a spatial keyword query, users
usually expect some known spatio-textual objects to be in the query results.
In some cases, however, the real query results do not contain such objects and
users would like to know the reason, thus the why not query. A why not query
provides users the reason why the expected objects are missing from the query

results and suggests a revised query to ensure that those objects are included.

e Reverse kNN query [23, 59]: For service providers, it is important to know
the number of potential customers if they choose some business sites. A po-
tential user here means his or her top-k query results for the same service
provided by the service provider contain the service provider. Motivated by
this observation, we have reverse kNN query. Given a query location and a set
of query keywords, a reverse kNN query retrieves those objects whose top-k

objects contain the query in terms of spatial proximity and textual relevancy.

e Similarity join query [5, 39, 93]: Given a set of spatio-textual objects and
a set of query keywords, a similarity join query retrieves those pairs of ob-
jects such that the spatial proximity and relevancy between them satisfy some

specified thresholds.

e Region of interest query [11, 21, 22, 32, 47, 79]: Given a set of query
keywords, region of interest query aims to find a region (e.g., circle, rectangle

and polygon) that is most relevant to the given query keywords.
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2.2 Spatial Keyword Query over Road Networks

Compared with spatial keyword query in Euclidean space, the research on spatial
keyword query over road networks is limited. On the one hand, the same query
(e.g., top-k spatial keyword query) over road networks is much more complicated
than that in Euclidean space because computing network distance requires a much
higher computation cost than computing Euclidean distance. On the other hand,
there are many new types of queries emerging when it comes to road networks. For
example, it is of high interests for users to retrieve routes to cover some preferred
query keywords.

Existing studies on spatial keyword queries over road networks are summarized

as below.

e Boolean kNN query: Given a query location and a set of query keywords,
Boolean kNN query over road networks retrieves the k nearest spatio-textual
objects (based on network distance) that contain all the query keywords. Fang
et al. [30] propose a solution with two pruning techniques to process Boolean
kNN query over road networks. On the one hand, they employ an inverted
index to conduct text pruning based the query keywords. On the other hand,

a G-tree [102] is utilized to conduct the spatial pruning.

e Top-k spatial keyword query: Similar to the top-k spatial keyword query in
Euclidean space, top-k spatial keyword query over road networks also targets
at finding the k most optimal spatio-textual objects in terms of spatial proxim-
ity and textual relevancy. The only difference is that network distance is used
for quantifying the spatial proximity instead of Euclidean distance. To solve
this query problem, Rocha-Junior et al. [71] propose three approaches, i.e., 1)

a basic approach based on road network expansion, 2) an enhanced approach
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with indices to identify those spatio-textual objects relevant to query keyword-
s, and 3) an overlay approach that partitions the road network into regions
and constructs an hierarchy index for these regions. Particularly, the overlay
approach can efficiently retrieve top-k spatio-textual objects by skipping those

regions without relevant objects during the expansion.

Keyword-aware route query: For spatial keyword query over road network,
it is natural to combine route planning and spatial keyword query to retrieve the
optimal routes for users. Cao et al. [8, 6] propose keyword-aware optimal route
(KOR) query to find a route such that it covers all query keywords, its cost
budget is less than a specified threshold, and its objective score is maximized.
One example of KOR query is to find a route to covers “bank” and “restaurant”
such that its distance is less than 5 km and its popularity is maximized. In
KOR query, there are two types of weights, cost and score, for each route and
KOR query constrains the cost by a cost budget and maximizes the score.
Zeng et al. [97] assume that users have different preferences for different query
keywords and propose to search for an optimal route that covers the weighted
query keywords while satisfying a cover budget. To solve this problem, they
propose a solution based on A* algorithm. Similar to [97], Li et al. [54] also
consider different preferences for query keywords and propose Keyword-aware
Dominant Routes (KDR) query to computes all the preferable routes that
cover the query keywords while having a cost less than the cost budget. To
solve KDR query problem, they develop both exact and heuristic algorithms.
Yao et al. [95} propose approximate keyword route query to retrieve routes
that cover the query keywords according to an approximate string similarity
function rather perfect match. Another similar work is [74] which proposes the

problem of identifying Streets of Interest (SOIs) aiming to identify individual
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street segments that have a large density of relevant spatio-textual objects

around them.

Group query: We could also define group spatial keyword query over road
networks to find a set of spatio-textual objects to collectively cover query key-
words. To solve group keyword query problem over road network, Gao et
al. [35] first prove that the query is NP-hard and then propose two approximate
algorithms and one exact algorithm. Luo et al. [62, 63] develop a distribut-
ed solution to answering group spatial keyword queries over road networks.
Concretely, they proposed a distributed index that enables each machine to
independently evaluate the operation on its network fragment in a distribut-
ed setting. In addition, they theoretically prove the space optimality of the
proposed index technique. As a variant of group spatial keyword query, Su
et al. [77] propose to retrieve a set of objects for multiple users rather than a
single one such that the returned objects are not only close to each other but

also close to the group of users.

Region of interest query: In some cases, users are interested in finding a
region of interest. For example, it will be very helpful to get a region full of
restaurants if a user wants to find a place for dining. To meet this demand, Cao
et al. [11] propose the Length Constrained Maximum-Sum Region (LCMSR)
query that computes a road network region such that its total length is less
than a specified threshold and the spatio-textual objects in it best match the

query keywords in terms of textual relevancy.

Moving query: Guo et al. [37] consider the mobility of query locations and
propose continuous top-k spatial keyword queries over road networks. To ef-

ficiently process the proposed query, they propose two algorithms, a query-
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centric algorithm and an object-centric algorithm. The query-centric algo-
rithm incrementally expands from the query location to search the k optimal
spatio-textual objects. In contrast, object-centric algorithm expands from the

spatio-textual objects relevant to query keywords directly.

Reverse kNN query: Given a set of spatio-textual objects with both spatial
locations and textual descriptions, a query location and a set of query keywords,
a reverse kNN query over road networks retrieves those spatio-textual objects
which have query as one of their top-£ optimal objects in terms of both textual
relevance and spatial proximity. With different ways to compute the top-k
optimal objects for each object, we have different variants. For example, Gao et
al. [34] compute the top-k optimal objects as the k nearest objects that contain
all the query keywords and propose reverse top-k Boolean spatial keyword
(RkBSK) query. To solve the RkBSK query, they devise an algorithm based on
filter-and-refinement framework equipped with novel pruning techniques with
respect to both spatial and textual information. Another example is the work of
Luo et al. [61] who compute the top-k optimal objects based on a score function
that combines both network distance and textual relevance. Accordingly, they
propose reverse spatial and textual nearest neighbor (RSTKNN) query and

design different pruning methods to facilitate the query processing.

Skyline route query: Wen et al. [82] propose a variant of keyword-aware
route query and try to compute the optimal routes in the similar way with
skyline query. For a route in their query, they consider evaluation metrics
including 1) the attractiveness of the spatio-textual objects the route passes,
2) the arrival times at these spatio-textual objects containing query keywords,
and 3) the influence of those users who have passed the route. The three

metrics aforementioned are then utilized for skyline search.
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2.3 Route Query over Road Networks

Traditional shortest route query between two locations over road networks has been
studied extensively and a comprehensive survey could be found in [88]. In addition
to shortest route query between two locations, many practical route queries require
returned routes to cover some specified objects, i.e., coverage route query. Roughly,
coverage route query includes arc orienteering problem [60, 76, 81] object coverage

route query [15, 52, 64, 73] and keyword coverage route query [8, 53, 54, 74, 95, 97].

e Arc orienteering problem (AOP): Arc orienteering problem [60, 76, 81] is
a variant of the classical orienteering problem (OP). In orienteering problem,
each network vertex has a score and each edge has a cost, and the objective
is to find a route such that the cost is less than a given cost budget while
the total score is maximized. Different from orienteering problem, the score in
AOP problem is associated with edge instead of vertex. The objective of AOP
problem is also to search a route such that its cost is within a cost budget and

its total score is maximized.

e Object coverage route query: In this line of research, spatio-textual ob-
jects are grouped into different categories. The goal of object coverage route
query is to find a route that covers at least one object from each required cat-
egory of spatio-textual objects with the smallest travel distance. The required
categories can be visited sequentially [73] or partially sequentially [15, 51]. In
addition, Costa et al. [26] considers the service time of objects when searching
the optimal route and Lian et al. [56] propose trip planner query which retrieves
the optimal route to traverse a set of points over probabilistic time-dependent

road networks.

e Keyword coverage route query: Keyword coverage route query retrieves
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routes to cover user-specified query keywords. Cao et al. [8] propose the
keyword-aware optimal route (KOR) query in which each edge of the road
network was associated with a cost and a score. As discussed previously, given
a cost budget, KOR query is targeted at finding a route that covers a set of user-
specified query keywords and maximizes the objective score within the given
cost budget. Taking into account the weights of different keywords of query ob-
jects, Zeng et al. [97] propose an optimization problem to optimize the keyword
coverage on the required route. Yao et al. [95] proposed approximate keyword
route query to retrieve routes that cover the query keywords according to an
approximate string similarity function rather than perfect match. Li et al. [54]
contribute an extension to the KOR query by searching all those routes that
are not dominated by others. Another relevant work is [74] which proposes the
problem of identifying Streets of Interest (SOIs) to identify individual street

segments that have many relevant POIs around them.

In addition, considering the inherent uncertainty and dynamics of road networks,
we have route queries over uncertain road networks. The uncertainty of travel times
over road networks are generally represented in two forms, discrete probability distri-
bution function and sample-based representation. With these two representations, we
have different definitions for the optimality of a route over uncertain road networks.
The existing studies on route queries over uncertain road networks can be classified
into two categories, i.e., least expected travel time route query [41, 65, 13, 44, 14, 94]

and reliable route query [3, 67, 68, 43, 72, 92, 91].

e Least expected travel time route query: Least expected travel route query
retrieves the optimal route that has the minimum expected travel time. Both
Hall [41] and Miller-hooks [65] utilize discrete probability distribution to rep-

resent the travel times of roads and compute the optimal route between two
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locations based on the expected travel time. Chen et al. [14] employ a set of
random travel time samples to capture the uncertainty of the travel time of
roads and propose an efficient multi-criteria A* algorithm to exactly determine
the least expected time route over uncertain time-dependent networks. Yang
et al. [94] leverage a sampled-based representation scheme to construct an in-
teger programming model for finding the a priori least expected time route. A
moment-based characterization for continuous link travel times through vari-
ance is presented in [78] which computes the expected travel time for a given
departure time with an ensemble mean travel time over a number of days. Chen
et al. [13] propose three definitions of optimality, i.e., expected value model,
dependent-chance model and chance-constrained model, for finding the opti-
mal route under an uncertain environment. They designed a simulation-based
generic algorithm to compute the final result. Assuming that link travel times
are uncertain and correlated over time and space, Huang et al. [44] define a
utility function of travel time to evaluate the routes and return the route with

the minimum expected utility value as the query result.

Reliable route query: Reliable route query aims to find the routes that can
be travelled within certain time in high confidence. Hua et al. [43] apply random
variables approximated by a set of samples to capture the uncertainty of road
networks and propose three types of probabilistic queries, i.e., a probabilistic
route query, a weighted-threshold top-k route query and a probability-threshold
top-k route query. These queries can be computed with joint probability dis-
tribution directly. Wu et al. [67] study the problem of finding a priori optimal
route such that a given likelihood of arriving on-time over uncertain networks is
guaranteed. Xing et al. [92] use Lagrangian substitution approach to estimate

the lower bound of the most reliable route solution through solving a sequence
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of standard shortest route search problems. Zhou et al. [91] discuss two models
to evaluate the travel time robustness, i.e., absolute and a-percentile robust
shortest route problems. They propose a Lagrangian relaxation approach to

deal with the problem.

2.4 Remarks

Table 2.1 summarizes the typical spatial keyword queries in Euclidean space and
over road networks, where NA means inapplicability and = indicates that there are
no existing studies. Obviously, spatial keyword query in Euclidean space has been
studied extensively. In contrast, the research on spatial keyword query over road
networks is still limited and many query problems remain unsolved, e.g., range spatial
keyword query, route query to search routes that are relevant to the query keywords,
and keyword-aware route query over dynamic/uncertain road networks. Hence, in
this topic “spatial keyword query processing over road networks”, we study three
typical types of spatial keyword queries to contribute to the literature on spatial

keyword query over road networks.

Table 2.1: The typical spatial keyword queries in Euclidean space and over road
networks.

Query Euclidean space Road network
range query [20, 24, 42, 49, 80, 103] *

Boolean kNN query [12, 31, 85] [30]

top-k query [12, 25, 55, 70, 84] [71]

group query 4, 9, 10, 38, 58, 75, 98, 99, 101]  [35, 62, 63, 77]
moving query [45, 83, 86, 87, 89, 90] [37]

why not query (16, 17, 19, 57 &

reverse kNN query (23, 59] 34, 61]
similarity join query [5, 39, 93] 5

region of interest query (11, 21, 22, 32, 47, 79] [11]
keyword-aware route query NA 8, 6, 97, 54, 95]
skyline route query NA [82]

To this end, however, we have to tackle multiple challenges. First, many spatial
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keyword queries over road networks are NP-hard and it is difficult, if not impossible,
to devise efficient exact solutions for these queries. Second, the size of road network
could be very large, e.g., millions of vertices. In this case, much route computation
required by spatial keyword queries will be time-consuming. Third, we still need to
deal with the dual attributes, i.e., spatial and textual attributes, of spatial keyword
query over road network. Therefore, this thesis aims to propose efficient solutions to

the target queries under the challenges above.
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Chapter 3

Preliminaries

Before proceeding to detail the techniques for processing the four target spatial
keyword queries over road networks, we would like to briefly introduce the definitions
of road networks and spatio-textual objects, several index structures that will be
utilized for accelerating the query processing, and the datasets used for experimental

evaluation.

3.1 Road Network and Spatio-Textual Objects

Definition 3.1 (Road Network). A road network is modeled as a directed graph
G=(V, E), where each vertexr v;eV represents an intersection of roads or a road
terminal, and each edge e; jeE (i#]) represents the directed road segment from vertex

v; to vertex v; and has a length of |e; j|.

Figure 3.1(a) illustrates the road network of New York. A simple route (without
duplicate vertices) R over road network G consists of a sequence of vertices, i.e.,
R=(v1,v9,...,v,) and v;#v; if i#j (1 <i,j < ). The length of R, dist(R), is the

-1

sum of the lengths of its edges, i.e., dist(R)=>,"", |eii+1]. The shortest route from

vertex v; to vertex v; is denoted by SR(v;,v;), or SR;; for simplicity.
Definition 3.2 (Spatio-Textual Objects). Fach spatio-textual object, o, is denoted
by a triple o=(l, e, K), where:
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(a) Road network (NY) (b) Distribution of Objects (NY)
Figure 3.1: The road network and spatio-textual objects in New York.

e 0.0 1s the spatial location consisting of longitude and latitude;

e 0.e=(v;,v;) is the edge on which o resides or the nearest edge to o, and the dis-

tances from o to vertices v; and v; are dist(o.l,v;) and dist(o.l,v;), respectively;

e 0.K s the textual description of o, e.g., the category, service contents and user

comments.
The set of all spatio-textual objects is denoted by O.

Generally, the textual description 0. of o consists of a set of keywords. Fig-
ure 3.1(b) illustrates the spatial distribution of Points of Interest (POlIs, a typical
type of spatio-textual objects) in New York. Actually, there are many types of
spatio-textual objects, e.g., POIs, geo-tagged comments and geo-tagged photos. In
the context of road network, we mainly focus on POIs because spatial keyword
queries over road networks usually need to find physical objects in the real world.
Therefore, unless stated otherwise, spatio-textual object, object and POI are used

interchangeably in this thesis.
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3.2 Index Structures

3.2.1 R-tree

R-tree [40] is a popular spatial index that indexes spatial objects according to their
spatial proximity. Figure 3.2 provides an example of R-tree which covers 9 objects.
As illustrated by Figure 3.2, R-tree seeks to put close objects into the same tree node

and organizes all nodes in a hierarchy structure.
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Figure 3.2: R-tree index.

3.2.2 Inverted Index

To efficiently retrieve the spatio-textual objects containing query keywords, Inverted
Index [104] is widely used for indexing the text descriptions of spatio-textual objects.
As illustrated in Table 3.1, Inverted Index lists for each keyword k; all the objects
containing k;, denoted by Inv(k;). During the query processing, the spatio-textual
objects containing query keywords can be quickly identified by using Inverted Index.
For example, the set of spatio-textual objects containing keywords k; and ko can be

obtained by computing the intersection of Inv(k;) and Inv(ks).
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Table 3.1: Inverted Index for spatio-textual objects.

Keyword Spatio-textual object list
kl 01, 03, O5, " "+
) 02, 03, Og, * -

3.2.3 Contraction Hierarchy

Contraction Hierarchy (CH) [36] is an efficient index for spatial network to compute
the shortest route between locations. CH index imposes a total order on the vertices
V' according to their importance (e.g., the degree of vertex), and pre-computes the
distances between vertices based on this order. Initially, the least important vertex,
say v;, is removed and its adjacent vertices are checked. If the shortest route of a
pair of adjacent vertices, say v; and v, passes through v;, a virtual edge with the
weight of the shortest distance between v; and vy, is introduced. Then, the second
least important vertex is removed and processed in the same way. By doing this
repeatedly until the entire spatial network is reduced to an appropriate scale, we can
build a hierarchical index for the spatial network. During the shortest distance/route
computation, bidirectional Dijkstra’s algorithm with some modifications, i.e., only
those unvisited vertices (adjacent to current vertex) ranking higher (resp. lower) than
the current expanding vertex are considered during the forward (resp. backward)
traversal, is employed. Thus, much vertex expansion is avoided by using CH index,

which greatly facilitates the query processing.

3.3 Datasets

In this thesis, we mainly employ two types of data, road network data and spatio-
textual object data to evaluate the performance of proposed solutions. All the road
network datasets and spatio-textual object datasets used in this thesis are summa-

rized in Table 3.2.
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Table 3.2: Datasets used for performance evaluation

Datasets No. of vertices No. of edges No. of objects
New York (NY) 6, 393 13, 885 14, 537
Dublin (DL) 62, 975 82, 730 5, 297
Beijingl (BJ1) 46, 029 62, 778 21, 192
Beijing2 (BJ2) 46, 029 62, 778 252,125
Californial (CA1) 21, 048 21, 693 104, 470
California2 (CA2) 90, 870 202, 250 118, 307
Los Angeles (LA) 17, 458 40, 626 18, 384
Londonl (LN1) 209, 406 282, 267 34, 341
London2 (LN2) 209, 045 282, 267 34, 341
Australia (AU) 1, 223, 171 1, 682, 182 70, 064
British Isles (BI) 3, 760, 213 4, 865, 094 300, 891

The details of these datasets are presented separately as below.

New York dataset: New York dataset is directly extracted from Open-
StreetMap!(OSM). The road network and the distribution of spatio-textual

objects in New York dataset are illustrated in Figure 3.1.

e Dublin dataset: The road network and spatio-textual objects (cf. Figure 3.3)

in Dublin dataset are from [71] which also extracts them from OSM.

e Beijing dataset: The road network and spatio-textual objects in dataset BJ1
are extracted from OSM. Meanwhile, to get more spatio-textual objects, we also
use another spatio-textual dataset from DataTang? in dataset BJ2. Figure 3.4

illustrates the road network and object distribution in dataset BJ1.

e California dataset: We have two datasets for California, i.e., CA1 and CA2,
where CA1 is from Real Datasets for Spatial Databases® and CA2 is from OSM.

Figure 3.5 shows the road network and the distribution of objects in CA2.

! https://www.openstreetmap.org/
2 http://www.datatang.com/
3 http://www.cs.utah.edu/ lifeifei/SpatialDataset.htm
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e Los Angeles dataset: Los Angeles dataset is extracted from OSM and its

road network and spatio-textual objects are illustrated in Figure 3.6.

e London dataset: London dataset is from [71] where LN1 is the original
dataset and LN2 removes some isolated vertices. Figure 3.7 illustrates the

road network and the distribution of spatio-textual objects in LN1.

e Australia dataset & British Isles dataset: Both Australia dataset and
British Isles dataset are extracted from OSM and their plots are illustrated in

Figures 3.8 and 3.9, respectively.

.}. L, L

(a) Road ne‘.c.wofk”(]jt) (b) Distribution of ObJeCtb (DL)
Figure 3.3: The road network and spatio-textual objects in Dublin.

(a) Road network (BJ) (b) Distribution of Objects (BJ)
Figure 3.4: The road network and spatio-textual objects in Beijing.
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(a) Road network (CA) (b) Distribution of Objects (C )
Figure 3.5: The road network and spatio-textual objects in California.

(a) Road nefwork (LA) (b) Distribution of Objects (LA)
Figure 3.6: The road network and spatio-textual objects in Los Angeles.

i

(a) Road network (LN) (b) Distribution of Objects (LN)
Figure 3.7: The road network and spatio-textual objects in London.
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(a) Road network (AU) . (b) Distribution of Objects (AU)
Figure 3.8: The road network and spatio-textual objects in Australia.

(a) Road network (BI) (b) Distribution of Objects (BI)
Figure 3.9: The road network and spatio-textual objects in British.

3.4 Frequently used Notations

Table 3.3 lists the notations that will be frequently used in this thesis, where some
notations are general for all the four queries while the others belong to specific

queries.
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Table 3.3: Frequently used notations and their meanings.

Notation Meaning
G(V,E) a road network
V; a vertex on road network G
General
€ij the edge from vertex v; to vertex v;
lei ] the length of edge e; ;
R a simple route
SR; ; the shortest route from v; to v;
| | the cardinality of set =
o=(l,e,K) a spatio-textual object
O the whole set of spatio-textual objects
q=(s,K,7,7) a RSK query
RSK X
O, returned objects for query ¢
KCR q=(s,d,K,L) a KCR query
S(R) the number of query keywords covered by route R
BCIR q=(s,d,K,B) a BCIR query
R* the optimal route of BCIR query
K the keywords of edge e; ;
Kr the keywords of route R
Cfd all the candidate routes from v to vy
Cij the travel cost of edge e; ;
The the occurrences of keyword k on edge e
JeR the occurrences of keyword k on route R
AR) the travel cost of route R
T(R) the score of route R in terms of textual relevancy
q=(s,d,ts,),h,7) | a PTR query
PTR G=(V(G),EQ)) uncertain road network
w(G) a possible world of G
W(G) all possible worlds of G
t(ei ) the travel time of edge e; ;
t(R) the travel time of route R
0; ={l,e, K, I} a time constrained spatio-textual object
a(o;) the arrival time at object o;
a.(0;) the constrained arrival time at object o;
R(s,d) a route from s to d covering required objects
R (s,d) the top-h time-constrained routes in w(G)
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Chapter 4

Range Spatial Keyword Query

4.1 Introduction

Given a query location and a set of query keywords, Range Spatial Keyword (RSK)
query aims to find all the spatio-textual objects such that their textual descriptions
are relevant to the query keywords while their locations are within a specified distance
to the query location. For instance, a visitor may issue a RSK query to search for
all the banks offering exchange service within 3 km from the current location. There
have been some studies on RSK query in Euclidean space. In reality, however,
people’s move is generally constrained by the topology structure of road networks.
Figure 4.1 illustrates an example of RSK query on a small road network with 13
vertices v; (i=1,...,13) and 10 spatio-textual objects o; (j=1,...,10). The number
beside each edge is the length of the corresponding edge. The RSK query starting
from s searches for all the banks within 3 km. In Euclidean space, both oy and o4 will
be returned as the query results. However, we cannot reach o, by travelling within
3 km from s along the road network since dist(s,vy) + dist(vy, 09)=3.5 km. Hence,
conducting RSK query based on network distance is more practical than that based
on Euclidean distance.

Conducting RSK query on road networks is however much more challenging than

that in Euclidean space because we need to evaluate the shortest distance between
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_____
- ~~

Industrial
Bank

~————

Mail Box U3 Uﬁ v8 179 U12

Figure 4.1: An example of RSK query, where dist(s,v;)=1.5 km, dist(vy, 09)=2 km,
dist(s,v4)=1.5 km and dist(vg, 04)=1 km

query location and each candidate spatio-textual object. With a large query range,
we have to enumerate many spatio-textual objects and compute their shortest dis-
tances to the query location, which incurs a high computational cost.

To efficiently solve RSK query problem over road networks, we propose three

approaches:

e Expansion-based approach (EA): As a baseline approach, EA traverses the
road network starting from the query location in a similar way to the classical

Dijkstra’s algorithm [28].

e Euclidean heuristic approach (EHA): EHA improves EA approach by em-

ploying Fuclidean heuristic to accelerate the query processing.

e Rnet Hierarchy based approach (RHA): To avoid traversing the road net-
work vertex by vertex, RHA leverages the Rnet Hierarchy [50] to partition
the whole road network into a group of interconnected sub-networks and orga-
nizes them in a hierarchy index, which is then utilized for improving the query

efficiency.

32



4.2 Problem Statement

With the definitions of road network and spatio-textual object in Definitions 3.1 and

3.2, we have the definition of RSK query over road networks as below.

Definition 4.1 (Range spatial keyword, RSK, query). A RSK query q is denoted by
q=(s,K,T,7), where s is the query location, K is a set of query keywords, T € (0,1]
is a predefined textual relevance threshold, and r specifies the query range. Given
road network G and spatio-textual objects O, q aims to find the set of spatio-textual

objects Oy < O such that

O, = {ol(0€ O) A (dist(g.s,0.l) < 1) A (0(0.K,q.K) = 7)} (4.1)
where dist(q.s,0.l) is the network distance from q.s to o.l, and 0(0.KC, q.K) computes
the textual relevance between 0.KC and q.IC.

The textual relevance 0(0.K, ¢.K) between 0.K and ¢.K is computed by using the
TF-IDF model [104], i.e

Ykeqk Whok * Whgk

Sk (W0 Dy (0

0(0.1C, q.K) (4.2)

where wy o xc=1 + In(frox) with fro.x counting the occurrences of keyword k in

10l

0.K; Wy g =In(1 + TN

) with |O| and |O| representing the number of spatio-textual
objects on GG and the number of spatio-textual objects containing k, respectively.
For ease of presentation, the following approaches are devised for undirected road

networks, i.e., |e; j|=|e; ;| for edges e; ; and e;,;. However, all approaches can be easily

extended to directed road networks.

4.3 Expansion-based Approach

The basic idea of expansion-based approach (EA) is to expand vertex by vertex from

query location until going beyond the query range. During the expansion, the spatio-
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textual objects on edges are checked with respect to their textual relevance to the

query keywords.

4.3.1 Index Structure

To facilitate the query processing using EA, we build index for both road network
and spatio-textual objects. As illustrated in Figure 4.2, an R*-tree [2] (a variant
of R-tree [40]) is employed to index edges E, where each edge is represented by a
minimum bounding rectangle. With the R*-tree index, the edge on which query

location s resides can be quickly determined with a spatial point query.

R*-tree : vi| exi | lexil | Inv(exy)
| | | B+-tree (Vx: InV(VX), Padj) Vil exj |ex,j| Inv(ex,j)
e €y eeeees €n1 e, N0 L
Figure 4.2: R*-tree for edges. Figure 4.3: Index for road networks.

Meanwhile, as shown in Figure 4.3, we build a BT-tree to index the modified
adjacent list which maintains the connectivity of road network GG. Each entry in leaf
node is a triple (v, Inv(v,), Pagj), where v, is a vertex; Inv(v,) is a pointer to the
inverted index [104] (called vertez inverted index) that indexes all the spatio-textual
objects on v,’s adjacent edges; P4 is another pointer pointing to the adjacent list
of v,. Each entry in the adjacent list is a quadruple {v;, e, |€s.i|, Inv(e,;)), where
v; is a neighbor vertex of v,; e, ; is the edge between v, and v; with length |e, ;|; and
Inv(e,;) is a pointer to the inverted index (called edge inverted index) that indexes
the spatio-textual objects on edge e, ;.

Updating the index structure efficiently is very important for practical use. In
general, the topology structure of road network is comparatively static. Therefore,

we focus on updating POIs. Once the description of POI o is updated, we need to
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update the corresponding vertex inverted index and edge inverted index. Assuming
that the total number of distinct keywords is 7, the corresponding time complexity

is 2 ]0.K - |O(n), where |0.K] is the number of keywords in object o.

4.3.2 Query Processing

Initially, a priority queue U is created to store the visited vertices during expansion
based on their network distances to the query location s. Meanwhile, a list L is
created to store query results. First, the edge e; ; on which s resides is located by
using the R*-tree for edges. Then, a verification is conducted to check whether e; ;
contains spatio-textual object whose textual relevance to the query keywords ¢.KC is
larger than the threshold 7. Next, both vertices v; and v; are inserted into U with
their distances to s. By obtaining vertices from U and checking their adjacent edges
repeatedly, we can traverse all those edges within r from s and check them in the
same way as we do for e; ;. During the expansion, spatio-textual objects satisfying
the textual relevance threshold are added to L. Finally, list L is returned as the

query result.

Example 4.1. We take the query q in Figure .1 for example, where query loca-
tion is s, query keywords q.KC=“bank” and query range r=3. For the simplicity of
presentation, we ignore T and only require that each returned spatio-textual objec-
t contains query keywords q.JC. First, we find that query location s is located on
edge ey 4 which has no desirable spatio-textual objects. Then, vertices vy and vy are
inserted into queue U as (vy,1.5) and (v4, 1.5), respectively. Next, we get (vq,1.5)
from U. By checking the inverted index Inv(vy) for vertex vy, we find that edge e; 3
contains query keyword “bank”. Then, Inv(ey 3) is checked and object oy containing
query keyword “bank” is found. However, os is not a desirable object because we have
dist(s, 09) =dist(s,v1) + dist(vy, 00)=3.5>3. Since the distances from s to vertices vy
and vs are larger than the query range r=3, we do not add these two vertices to
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queue U. Following that, we get (vg,1.5) from U. Similarly, by checking the inverted
index Inv(vy) of vertex vy, we find that edge ess contains query keyword “bank”.
Then, Inv(eys) is checked and the desirable object oy is inserted into list L. Since
the distances from s to vertices vs, vs and vg are larger than query range r=3, we
do not search beyond them. Now queue U is empty and the algorithm terminates.

Finally, we get the query result L={04}.

4.3.3 Complexity analysis

EA approach expands from the query location s to check all the edges within query
range r. Assuming that the number of vertices within query range is n’ and the
maximum degree of road network is D, the query complexity is O(logn+n'- D - F),
where logn is the time cost for locating the edge of s with R*-tree, n is the total
number of vertices, and F' is the time cost to check one edge.

During the query processing, EA approach needs to store expanded vertices and
obtained query results. Therefore, the space cost of EA is O(n' + |L|), where L is

the number of objects in the query results.

4.4 Euclidean Heuristic Approach

EA approach is efficient for RSK queries of small query ranges. However, if query
range r is large and numerous edges and spatio-textual objects are covered, EA will
incur a high overhead to obtain all the desirable objects because it needs to check
the inverted indices of all the relevant edges that contain at least one query keyword.
In general, many keywords only appear on a small number of edges. In this case,
checking the inverted indices for all the relevant edges is unnecessary. To solve this
issue, we propose the Euclidean heuristic approach (EHA).

Intuitively, the Euclidean distance between two vertices on a road network is

always smaller, if not equal to, than the network distance between them. Therefore,
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if a spatio-textual object belongs to the query result based on network distance,
then it must be in the query result based on Euclidean distance. Motivated by this
observation, we propose the EHA approach to first retrieve all the candidate objects
using the state-of-the-art Euclidean distance-based approaches for RSK query. Here
we employ the approach based on IR-tree[55] which augments each node of the R-
tree with an inverted index. The set of edges containing candidate objects (satisfying
textual relevance threshold) is recorded as E,. During the expansion, we only check
those edges in E,. Thus, edges containing no desirable objects are filtered. EHA is
implemented based on EA by adding a Euclidean distance-based RSK query at the

beginning to get F.
4.4.1 Complexity analysis

Different from EA approach, EHA approach first uses IR-tree to retrieve all the
objects whose Euclidean distances to the query location s are less than the query
range r, and that satisfy the query keywords. The time complexity for this step
is O(log|0|), where |O| is the total number of objects. Then, EHA approach still
needs to traverse all the edges whose network distance to s is less than r. Since we
have known whether an edge contains required objects, we do not need to check the
inverted files for all edges. The complexity for this traverse is O(logn+n’-D-log | E,|),
where log |E,| is used for checking whether one edge is in set E,. The overall time
complexity of EHA approach is thus O(log |O| + logn + n' - D - log | E,]).

As for space complexity, EHA approach needs to store all the edges E, containing

candidate objects. Therefore, the corresponding space complexity is O(|E,|+n'+|L|).

4.5 Rnet Hierarchy-based Approach

Essentially, both EA and EHA expand vertex by vertex on road network G until

going beyond the query range r. Therefore, both approaches are inefficient to process
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RSK queries with a large query range r. To solve this issue, we introduce the Rnet
Hierarchy [50] to index road networks and further propose Rnet Hierarchy-based

approach, RHA for short.

4.5.1 Indexing Structure

Rnet Hierarchy partitions a road network into sub-networks called Rnets (regional
nets) and organizes them in a hierarchy structure as illustrated in Figure 4.4. An
Rnet R is denoted by (Vg, Er, Bgr) where Vi, Er, and By are the sets of vertices,
edges and border vertices of R, respectively. Bp are those vertices shared by two or
more Rnets (e.g., v4). In Figure 4.4, there are four Rnets Ry, Ria, Ro; and Ray on
level 1 and two larger Rnets Ry and Ry on level 2. R; encloses Ry and Rio, and
Ry encloses Ry and Rys. Level 0 is the original road network. Therefore, a road

network is organized as a group of Rnets on each level.

Ry

Level 2 / \ / R, \

Level 1 Ry, Rq> Ry R,,

~o -

Figure 4.4: Rnet Hierarchy of the road network in Figure 4.1.

To skip over those Rnets containing no query keywords during query processing,
shortcut is introduced. A shortcut is the shortest route between two border vertices
of an Rnet, e.g., SR(vy, vs). With the help of shortcuts on different levels, the search
expands quickly with different step sizes. Now the challenge is how to partition a

road network into a group of Rnets while minimize the number of border vertices. To
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this end, we first consider the equal-size partition [50] using geometric approach [46]
and KL algorithm [48] to partition the entire road network into Rnets of the similar
size. Concretely, Equal-size partition first partitions the entire road network into two
parts with almost the same number of edges, and then tunes them by exchanging
edges to reduce the border vertices. By doing this recursively, we can partition G

into a set of Rnets of the similar size.

4000
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\ Number of associated objects
(a) Spatial distribution of objects (b) Statistics of object distribution

Figure 4.5: The distribution of spatio-textual objects in London.

Equal-size partition ignores the spatial distribution of spatio-textual objects. In
reality, however, spatio-textual objects are often clustered [96] in some hot areas like
commercial centers. For example, the area around v, in Figure 4.1 has more objects
than the areas around other vertices (e.g., vi2). Figures 4.5 illustrates distribution
of spatio-textual objects in London. According to Figure 4.5(b), most vertices have
less than 5 objects (those objects residing on the edges adjacent to the vertex).
Accordingly, we consider partitioning a road network based on the distribution of
objects, thus distribution-aware partition, and aim to partition as many objects as
possible into the same Rnet. To this end, we first collect all the vertices with more
objects than a specified parameter (e.g., 10) and then merge these vertices to form
larger areas based on their spatial proximity until an Rnet is generated. Meanwhile,

the other areas are partitioned by using the equal-size partition.
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Figure 4.6: Index for the Rnet Hierarchy.

Rnet Hierarchy is organized in a B*-tree as illustrated in Figure 4.6. The B*-tree
indexes all vertices based on their identifiers and each entry in the leaf node points
to an adjacent list or a hierarchy tree. Concretely, if a vertex v; (e.g., vs) is not a
border vertex, the entry for v; has a pointer pointing to an adjacent list just as FA.
Otherwise, the entry for v; has a pointer pointing to a hierarchy tree which records
the organization of all the Rnets associated with v; on different levels. For example,
vy is a border vertex of Ry; and Ri9, and it has a hierarchy tree T,,. The root node
of T,, contains two entries Fry; (for Ry1) and Egis (for Ry3) and a pointer pointing
to the inverted index for them. In a hierarchy tree, each entry in the intermediate
nodes also stores all the shortcuts within the corresponding Rnet while each entry
in the leaf nodes points to the adjacent list of the border vertex.

In addition, to utilize Euclidean heuristic to quickly find out those Rnets con-
taining desirable spatio-textual objects, we also organize all Rnets on different levels

into a variant of IR-tree as illustrated in Figure 4.7.

40



IR-tree

Figure 4.7: IR-tree for Rnets

4.5.2 Query Processing

Given an RSK query ¢, RHA searches for the desirable objects in an expanding
fashion as detailed in Algorithm 4.1. If a vertex v; is not a border vertex, it processes
in the same way as EA approach. Otherwise, the hierarchy tree T, of v; is checked.
First, we examine the inverted index for the root node of T;, to check whether it
contains desirable objects. If not, we skip the entire Rnet via the shortcuts without
checking its inner edges. Otherwise, we check its child nodes to further retrieve

desirable objects.

Example 4.2. We consider the RSK query in Figure 4.1 with query range r=S3.
First, we check the edge e14 on which s resides. Then, (vq,1.5) and (v4,1.5) are
inserted into queue U. Next, we get (vi,1.5) from U. Since vy is not a border vertez,
it is processed as the same as FA approach and no required objects are found. The, we
get (vg, 1.5) from U. As vy is a border vertex, we evaluate Ryy and Ry3. Ryy contains
query keyword “bank” and a detailed examination is conducted. Then ey s is checked
and o4 is added to L. We do not add vs to U since dist(s,v3)=3.5 which is larger
than the query range r. Ri5 contains no desirable objects and the shortcuts from vy

to vy and vg go beyond the query range. Finally, the result L={04} is returned.
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Algorithm 4.1 The Rnet Hierarchy based Approach

Input: Road network G = (V, E) and range query ¢=(s,K,7,7)
Output Any object o such that dist(o.l,s) < r and 6(0.K, q. IC)
U «newPriorityQueue() o> priority queue for storing Vlslted vertices
L —newList() > list to store final results
e; ; <—locateEdge(s)
U.enqueue(v;, dist(s,v;))
U .enqueue(v;, dist(s,v;))
checkEdge(e; ;) = check Inv(e; ;)
while U is not empty do
v <« U.Dequeue()
if v is not a border vertex() then > v is not a border vertex
10: for each adjacent edge e of v do
11: if e contains ¢.C then
12: checkEdge(e)
13: if v.currentDistance+e.length< r then
14: U .enqueue(e.endVertex)

15: else ) > v is a border vertex
16: check v.HierarcyTree

17: return L

©

Algorithm 4.1 can efficiently process RSK queries by skipping those regions with-
out required spatio-textual objets. Therefore, RHA approach cost much less time
than the previous two approached to evaluate the whole query range. As an expected
improvement, we employ the IR-tree in Figure 4.7 to accelerate the query processing
by computing all the Rnets containing desirable objects in advance, which avoids

checking the inverted indices for all the Rnets.

4.5.3 Complexity Analysis

Since those regions without query results can be skipped, Algorithm 4.1 can get the
query results efficiently. However, in the worst case (i.e., every edge contains at lease
one candidate object), Algorithm 4.1 still needs to check the inverted file for every
edge and the time complexity is the same as EA algorithm, i.e., O(logn+n'- D F).

In the worst case, the space cost is O(n’ + |L|), where n’ is the number of vertices
within the query range, L is the number of objects in query results, which corresponds

to U and L, respectively, in Algorithm 4.1.
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4.6 Experiments

4.6.1 Setups

The performance of proposed approaches is evaluated on four real datasets!, i.e.,
the road networks of Dublin (DL), London (LN), Australia (AU) and British Isles
(BI). Table 4.1 shows the statistics of these datasets. For each dataset, we randomly
generate 500 query locations within the road network area and 500 sets of keywords
of sizes 1, 2, 3, 4, and 5, respectively. Table 4.2 lists the parameters used in the
experiments and highlights their default values in bold. All experiments run on a

PC with a 3.1 GHz Intel processor and a 4 GB RAM.

Table 4.1: Datasets for evaluating RSK query

Attributes Dublin London Australia British Isles
No. of vertices 62, 975 209, 406 1, 223, 171 3, 760, 213
No. of edges 82, 730 282, 267 1, 682, 182 4, 865, 094
No. of objects 5, 297 34, 341 70, 064 300, 891
No. of distinct keywords 3, 563 12, 522 18, 789 60, 558

Table 4.2: Parameter setting in RSK query

Parameters Values

r 1,3,5,7,9 (km)

T 0.3, 0.5, 0.7, 0.9, Boolean

.K| 1,2,3,4,5

Datasets Dublin, London, Australia, British Isles

Partition Strategy Equal-size partition, Distribution-aware partition

4.6.2 Experimental Results

Varying query range r: Figure 4.8(a) illustrates the response time while varying
query range r. EA achieves satisfying performance for queries of small . With the
increase of , however, the response time increases rapidly because EA has to check all
the edges within r from s. Compared to EA; EHA performs better because it avoids

checking the inverted indices for those edges without required spatio-textual objects.

! http://www.idi.ntnu.no/~joao/publications/EDBT2012/.
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However, both EA and EHA expand vertex by vertex, which inevitably incurs a high
overhead. In contrast, RHA performs better than EA and EHA because it bypasses
the Rnets without required objects and avoids a detailed examination on their inner
edges. Additionally, with the help of different layers and different size of Rnets, RHA

adapts well to different 7.
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Figure 4.8: The response time while varying the query range r, the textual relevance
threshold 7 and the number of query keywords |¢.K|

Varying textual relevance threshold 7: Figure 4.8(b) shows the response time
while varying the textual relevance threshold 7. A smaller 7 covers more objects,
thus consuming more time to evaluate these objects. Both EA and EHA cost more
than 3 seconds to evaluate a RSK query when varying 7 from 0.3 to 0.9. In contrast,
RHA only needs about one second. As suggested by Figure 4.8(b), Boolean query?
(7=1) takes less time than other queries with textual relevance thresholds because it
does not need to compute the textual relevance between spatio-textual objects and

query keywords.

Varying number of keywords |¢.K|: Figure 4.8(c) presents the response time
while varying the number of query keywords |¢.K|. With the increase of |¢.K|, both
EA and EHA have to check more spatio-textual objects relevant to ¢./C, thus leading
to the increase in response time. Although RHA also needs more time to evaluates

RSK queries of more query keywords, the increase of response time is moderate

2 This value is only a label for Boolean query rather than a textual relevance threshold.
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Figure 4.9: The response time, expanded edges and index size on different datasets
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Figure 4.10: The response time while using ERHA, and the response time and ex-
panded edges while varying partition strategies

because RHA computes the textual relevance between an Rnet and query keywords
q.K and does not examine the inner objects if the computed relevance is less than 7.
Therefore, increasing the number of query keywords only affects a small portion of

Rnets and the other Rnets can be still skipped through shortcuts.

Different datasets: Figure 4.9(a) shows the response time when using different
datasets. RHA processes RSK queries on the four datasets of different sizes in about
one second. Particularly, the response time on Australia network is smaller than
that on London network though the Australia network is larger than London road
network. This is because London network is denser than Australia network. Given
the same query range, London network usually has more spatio-textual objects and
edges than Australia network. This can be also seen from Figure 4.9(b), which

illustrates the number of edges expanded during query processing.

Index size: Figure 4.9(c) shows the index size of the three approaches on different
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datasets. The index size of EHA is larger than EA because it constructs an IR-tree

for all objects. Meanwhile, RHA and EHA have almost the same index size.

Euclidean heuristic based RHA: Figure 4.10(a) presents the response time of
the Euclidean heuristic based RHA (ERHA) that indexes all Rnets with an IR-tree
as illustrated in Figure 4.7. As RHA indexes a road network in a hierarchy and is
already able to prune unrelated Rnets, there is no obvious difference between RHA
and ERHA with respect to the response time.

Partition strategy: Figures 4.10(b) and 4.10(c) present the response time and the
number of expanded edges while using different road network partition strategies.
Compared with equal-size partition (RHA-E), distribution-aware partition (RHA-D)
achieves better performance. By partitioning a road network based on the distri-
bution of objects, the areas containing few objects can be partitioned into Rnets
of large granularity, thus making RHA-D more advantageous in pruning unrelated

Rnets than RHA-E.

4.7 Summary

In location-aware applications, RSK query has been widely used for retrieving nearby
services for users. Considering that existing techniques for RSK query cannot be ap-
plied to its counterpart over road networks, we thus propose RSK query problem over
road networks. To efficiently process this query, we first propose the EA approach
based on the locality of RSK query. Then, EA approach is improved by utilizing the
observation that network distance is always larger than or equal to the Euclidean
distance between two locations, thus EHA approach. In addition, to process RSK
queries over large road networks and RSK queries of large query range, we design
Rnet Hierarchy index and propose the RHA approach which can efficiently process

RSK queries of different query ranges over road networks of millions of vertices.
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Chapter 5

Keyword Coverage Route Query

5.1 Introduction

In some cases, users have the start location and destination, and wish to explore some
interested spatio-textual objects along the routes. Existing route queries aim to find
the shortest route that covers spatio-textual objects of specific categories [52, 73] or
spatio-textual objects containing the query keywords [8, 6]. One example of these
queries is “finding the shortest route that passes through a restaurant and a pub’.
Such queries are useful when users need to visit each category of spatio-textual
objects once. In contrast, we focus on a different case where the user wants to
explore as many relevant spatio-textual objects as possible. For example, a tourist
may ask: “finding a route that covers as many restaurants and pubs as possible”. This
would provide more choices for users to choose, and thus improve the satisfaction of
users.

Therefore, we propose keyword coverage route (KCR) query in this chapter. Given
the user’s interests (i.e., query keywords) and travel requirements (i.e., start loca-
tion s, destination d, and route distance threshold), KCR query returns the optimal
route from s to d such that: the length of the route is bounded by the given distance
threshold; and the total number of query keywords on the route is maximized. The

length is restricted because users may not want to travel a very long route. Essential-
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Figure 5.1: The quality of query result and the response time of exact and approxi-
mate/heuristic solutions

ly, KCR query aims to find a route that covers the most number of query keywords
while satisfying the given distance threshold.

We will prove that KCR query is NP-hard (cf. Section 5.2.2). For such a com-
putationally expensive problem, the typical solutions are either to develop an exact
solution (e.g., branch-and-bound solution) that computes the optimal result but in-
curs a significant time cost, or to develop an approximate solution (e.g., nearest
neighbor heuristics) that quickly returns results of low quality. Figure 5.1 visualizes
the relationship between the quality of query result and the response time for these
two types of solutions. In this work, we propose an adaptive solution that provides
flexible trade-offs between the quality of query result and response time. Concretely,
we take the response time limit into account and propose an adaptive route sam-
pling framework to compute a good approximate route within the given response

time limit.

5.2 Problem Statement
5.2.1 Problem Definition

Based on the definitions of road network and spatio-textual objects in Section 3.1,

we have the definition of keyword coverage route (KCR) query as below.
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Definition 5.1 (Keyword Coverage Route (KCR) Query). Given a road network
G and the spatio-textual objects O, a keyword coverage route query is denoted by
q=(s,d,KC, L), where s and d are the start location and destination, respectively, q.)C
is a set of query keywords to describe uers’ interests, and L is a distance threshold.

The objective of q is to find a route R* from s to d such that:

R* =arg max S(R) (5.1)

ReRp, (S,d)
where

e Ry(s,d) is the set of feasible routes between s and d whose lengths are less than
L, e, Rp(s,d)={R|R € R(s,d) ndist(R) < L} and R(s,d) represents all the

simple routes from s to d;

e S(R) is the score of R with respect to the query keywords q.IC and computed
by S(R)=%,,crl0:.K N q.K|, where |0;.K n q.K| computes the number of query

keywords contained by 0;.JC and is denoted by S(0;).

In the definition above, we say o € R if o.e is on route R. Meanwhile, we have

the score of an edge S(e)=%,.e.5(0;). Accordingly, we have S(R)=X.crS(e).

ky ey, kg, ks

2 5
Vs kl'k3
[ |

Figure 5.2: Road network and KCR query ¢=(v1(s), vs5(d), {k1, k2}, 8)
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Table 5.1: Routes for the KCR query in Figure 1

Routes Length | Objects on route Score
R1=<U1, V3, ’U5> 6 {04} 1
R2=<U1, V2, ’U5> 8 {01,03} 3
Rs={v1,v3,v2,05) 9 {03,04} 3
Ry={v1,v4,v5) 8 {02,05} 2

Example 5.1. Figure 5.2 illustrates an example of road network with five vertices
and five spatio-textual objects. The length of each edge is marked beside the corre-
sponding edge. Figure 5.2 also provides a KCR query, where s=vy and d=vs are the
start location and destination, respectively, q.KC={ky, ka} specifies two query keyword-
s, and the distance threshold is L=8. We have four possible routes as listed in Ta-
ble 5.1. Route Rs should be pruned because it is not a feasible route (dist(R3)=9>8).
The other three routes are feasible because all of them satisfy the distance threshold.

Finally, the query result is Ry since its score is larger than that of routes Ry and Ry.

5.2.2 Problem Hardness

In complexity theory, a problem is NP-hard if we can prove its corresponding decision
problem is NP-hard. Therefore, we first define the decision version of KCR query

problem, i.e., Decision-KCR, as below.

Definition 5.2 (Decision-KCR problem). Given road network G, Decision-KCR
problem decides whether there exists a route from start location s to destination d

such that its length is at most L and its score is at least X, where X = 0.
Then, we have the following theorem.
Theorem 5.1. Decision-KCR problem is NP-hard.

Proof. The theorem can be proved by a reduction from the Hamiltonian Path/Route
(Ham-Route) problem, a well-known NP-hard problem, to the Decision-KCR prob-
lem. Given a graph G(V, E), a Ham-Route problem decides whether there exists a

simple route on G that visits every vertex in V' once.
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Assume that graph G(V, F) is an instance of Ham-Route problem and that graph
G'(V',E’) is an instance of Decision-KCR problem. First, we convert G to G'.
Initially, we let G’ have the same vertices of G, i.e., V=V'. If ¢, ;€E, we set the
length and score of edge e;; in G" as |e; j|=1 and S(e; j)=1. Otherwise, we have
le; j|=+o0 and S(e; ;)=0. Two additional vertices vs=s and vg=d are added to G’
such that, for any vertex v;eV’, we have |es;|=|eq;|=1 and S(es;)=5(eq;)=0. Now
we have V'=V" U {v,, v4}.

We can prove that a Ham-Route problem on graph G is equivalent to a Decision-
KCR problem on graph G’. Specifically, G has a Ham-Route if and only if there is a
route in G’ from v to vy such that the length of the route is at most n + 1(n=|V)
and the score of the route is at least n — 1, which can be proved from the following

two aspects.

e If there is a Ham-Route R in G, the number of vertices in R should be n. By
adding v, and vy to the two ends of R, respectively, we can generate a new

route R’ whose length and score are n + 1 and n — 1, respectively.

e If there is a route R’ in G’ such that dist(R')<n + 1 and S(R')>n — 1, the
number of edges in R’ (except for the edges connected to vy and vy) should be
at least n — 1 because the score of each edge is at most 1. Therefore, the total
number of edges in R’ is at least n + 1 if the two edges connected to vy and vy
are counted. Considering that the length of R is at most n + 1 and the length
of each edge is 1, we can conclude that the number of edges in R" is n + 1 and
the number of vertices in R' is n + 2. Thus, a Ham-Route in G is obtained by

removing v and vy from R'.

The proof is completed. ]
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5.3 Adaptive Route Sampling Framework
5.3.1 Framework Overview

As KCR query problem is NP-hard, it is impossible to design algorithms with polyno-
mial time complexity when P#NP. Therefore, it is reasonable to design approximate
solutions for KCR queries. Meanwhile, to overcome the low efficiency of exact so-
lutions and the low quality of approximate/heuristic solutions, we propose a route
sampling framework, as illustrated in Figure 5.3, which adaptively generates query
results of different qualities according to the given response time. Taking as input
the road network and a KCR query, the sample route module generates a feasible
route with a certain route sampling method each time. The current optimal route is
updated if the new feasible route has a larger score. Then, the response time limit is
checked. If there is still spare time, more loops are executed to generate new feasible

routes. Otherwise, the current optimal route is returned as the query result.

Road Network ROI Query g =
G(V,E) (s,d, £ L)

L

:> Sample Update Optimal
Route

Input

Route Sampling
Techniques

v

Return Result

Figure 5.3: The adaptive route sampling framework for KCR query

This route sampling framework concerns two key issues, i.e., sampling a feasible
(i.e., the feasibility issue) and good (i.e., the quality issue) route each time. We will

elaborate these two issues in the following sub-sections.
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5.3.2 Sampling a Feasible Route

We sample a feasible route R by starting from s and adding edges sequentially
until reaching the destination d. The challenging issue is how to ensure that R is
feasible. Without loss of generality, we assume that the current expanding vertex is v;
with adjacent vertices adj(v;), i.e., adj(v;)={v;le; ; € E'}. After removing the visited
vertices, we get the unvisited adjacent vertices of v;, i.e., adj,(v;). Then, a vertex
v; is selected from adj,(v) according to selection probability p; ; and concatenated

to R to generate a longer partial route, where 0<p; ;< 1 and }, (wn) Pig=1. The

vj€adjy
details of p; ; will be elaborated in Section 5.3.3. However, some vertices from adj, (v)
may violate the distance threshold. In order to guarantee a feasible route, the vertex

v; selected from adj,(v) must survive from the distance pruning, i.e., the following

lemma.

Lemma 5.1. For any vertex v; € adj,(v;), v; can be selected for route expansion if

and only if the following condition holds:
dZSt(R) + |€m” + diSt(SR(Uj, d)) <L (52)

where R is the partial route from start location s to vertex v;, |e; ;| is the length of
the edge from v; to v;, and dist(SR(v;,d)) is the shortest distance between v; and

the destination d.

Proof. The proof is obvious because any vertex v; € adj,(v;) satisfying Eq. (5.2) can

generate a feasible route. O]

We record those vertices in adj,(v;) surviving from the distance pruning of Lem-
ma 5.1 as adj,,(v;). Therefore, the selection of vertices to expand the route should
be constrained by the distance threshold L and we call it selection constrained (SC)

expansion. Then, we have the following theorem.
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Theorem 5.2. SC expansion can always generate a feasible route.

Proof. Assume the current partial route and the newly added vertex are R and wv;,
respectively. Initially, R=(s) and v;=s. In each expansion, an adjacent vertex v;
satisfying Eq. (5.2) is selected. We can always generate a feasible route R'=R @
{v;} ® SR(v;,d) because it satisfies the distance threshold L, where x @ y represents

a concatenation operation between x and y. [

Example 5.2. We take the KCR query in Figure 5.2 for example. Initially, we have
R={vy) and adj! (vy)={va, v, v4}. Assuming that vs is selected and R={vy,vs), we

have adj,(v3)={ve, vs}. Since
dist(R) + |esa| + dist(SR(vy,d)) =3+2+4=9> L =8,
we have adjl (v3)={vs}. Finally, a feasible route R={vy,vs,vs) is sampled.

In SC expansion, dist(SR(v;,d)) is computed online. To accelerate this compu-
tation, we conduct a backward expansion from the destination d on the reverse graph
of G (generated by changing the direction of each edge in G) to compute the shortest
distances from d to all the vertices that are within L from d. These distances are
stored and can be checked quickly during the SC expansion, thus avoiding computing
the network distance between v; and d for every partial route.

The process of feasible route sampling is outlined in Algorithm 5.1, which receives

as input a KCR query ¢ and returns as output a feasible route R.

5.3.3 Route Sampling Techniques

Though SC expansion guarantees a feasible route, how to select a vertex from adj,, (v;)
is not yet tackled because the selection probability p; ; is still unknown. The quality
issue depends on the techniques used to compute p; ;. In the following subsections, we
will elaborate different techniques to compute p; ;. Note that, other route sampling

techniques can also be added to the framework.
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Algorithm 5.1 Sample a feasible route
Input: a KCR query ¢ = (s,d, K, L)
Output: a feasible route R

1: Initialize route R <« {s) and v; < s

2: while R not reach d do

3: adjl (v;) — &

4 for v; € adj(v;) do

5: R — R® {v;} ® SR(v;,d)
6: if v; ¢ R A dist(R') < L then
7
8

ady! (v;).add(v;)
let p; ; be the probability to select vertex v;
9: pick v; from adj],(v;) according to p;
10: R.add(v;) and v; < v;
11: return R

A. Uniform Route Sampling

Straightforwardly, during the expansion, a vertex can be selected from adj, (v;) uni-

formly, i.e., p; ;= By doing this repeatedly until reaching the destination d,

N S
ladjs, (vi)]*
we can generate a feasible route.

Example 5.3. We take the KCR query in Figure 5.2 for example and expand from v,
with the partial route R={vy ). Initially, by Lemma 5.1, we have adj,, (vy)={va, v3, v4}.
A wvertex is then selected from adj, (vi) randomly with equal probability. We assume
that vy is selected and R={vy,vs). Next, we have adj,(vs)={vs,v5}. However, vs is
removed because dist(R)+ |esa| +dist(SR(ve,d)) = 3+2+4 =9 > L = 8. Therefore,
only one vertex is left, i.e., adj (vy)={vs}. Now, the final vertex vs is reached and

we get the feasible route R={vy,vs,v5) with a score S(R)=S(e12) + S(eas)=3.
B. Prioritized Route Sampling

All vertices in adj!, (v;) are selected equally in the uniform route sampling. Therefore,
in most cases, we cannot obtain a good route unless enough feasible routes are
sampled. Intuitively, a good route sampling method should give a higher priority to
those routes with large scores. However, it is difficult to achieve this end because we

do not have the whole route before finishing the route sampling. In other words, we
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only have a partial route when selecting a vertex from adj;,(v;). Actually, selecting v,
from adj! (v;) can be done in a greedy fashion. To this end, we define the desirability

of selecting a vertex v; € adj. (v;) as below.

S(eiy)
’ l€ij] - Sang(G)
where S, (G) is the maximum average score over the whole road network, i.e.,
S(e)
+ = =
Savg(G) - HeleaEX Savg((?) I?eaEX |€| (54)
We compute the selection probability p; ; of v; by p; =5 ig . In this way,

the scores of adjacent edges are taken into consideration when selecting the next
vertex to expand. Though this is just a local greedy strategy, it indeed improves the
quality of returned routes compared with the uniform route sampling, which will be

validated by the experiments.

Example 5.4. We still take the KCR query in Figure 5.2 for example. First, we
have S(e12)= S(e13)= S(e14)=5(eas)=1, S(e23)=5(es5)=0, and S(ez5)=2. By
Eq. (5.4), we have S}, (G)=0.5. Initially, we start from vy with route R={vy) and

avg

have adj,, (v1)={ve,vs,vs} by Lemma 5.1. Particularly, for vertex vy, we have

1
Slea) —15

— 1 —_—m
.2 - ‘6172‘ . S(;rvg<G> 4%0.5

In such a way, we have ny 3 = n14 = 1.67. Further, we have

7’}1,2 1.5

= — 0.31.
S cadi o M 15+ 167 + 1.67

P12 =

Similarly, we have py 3=p14=0.345. A vertez is then selected from adj. (v1) according

to the computed probability p; ;. Without loss of generality, we assume that vy is
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selected and R={vi,vs). Neat, we have adj,(ve)={vs,vs}. However, vs is removed
due to the distance violation as discussed previously. Therefore, only one vertex is
left, i.e., adjl (va)={vs} and we have pas=1. Now, we reach the final vertex vs and

have a feasible route R={vy,ve,v5) whose score is S(P)=S(e12) + S(e25)= 3.
C. Dynamic Prioritized Route Sampling

To take advantage of the previously sampled routes, we further propose the dynamic
prioritized route sampling technique, which updates the selection probability p; ;
dynamically according to the knowledge learned from the sampled routes. Assuming
that a set of routes have been sampled by using the prioritized route sampling,
different strategies to update p; ; are elaborated below.

DPri-Sample 1: Intuitively, the probability of getting better routes increases as
more and more routes are sampled. Therefore, for each edge e; ; € R, we update its

Mi,g

TIR(e) where R(e; ;) is the number of sampled routes that pass

desirability by 77; =

edge e; ;. Accordingly, p; ; is adjusted as below.

nig/ (1 + Rleiz)) (5.5)

Dij =
’ Evheadja(vi){m,h/ﬂ + R(ei,h))}

DPri-Sample 2: Intuitively, we tend to travel these edges covered by routes of high
scores. Therefore, we increase the desirability of an edge e;; with respect to the

scores of the routes that travel through e; ;, i.e.,

Nij - (1 + EznzlATi]fj)

— (5.6)
Soneadst, (v)ish * (1+ Ek:IATi]fh)

Pij =

where ATZ-'fj is the increase ratio contributed by the k-th route Ry and computed by

the follow function.

dist(Rp)-Savg(G)
0 otherwise

L — S if route Ry, travels on edge e; ;
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where S(Ry) is the score of route R and S},

avg(G) is the maximum average score

(computed by Eq. (5.4)) over the whole road network.
DPri-Sample 3: Instead of updating p; ; once a feasible route is sampled, we update
pi; when a set of m' routes have been sampled. Thus, p; ; is computed as below.

Mg~ Tij

Soneadit (v)) Mish * Tisn)

pi,j = (58)

where the increase ratio 7; ; is adjusted by 7/ ,=(1—p) -7 ; + E}anllATi’fj and p € [0,1]).

Initially, we have 7; ;=1 for all edges ¢, ;.

5.3.4 Sampling Quality Analysis

Assuming that the maximum degree of vertex in road network G is D, in the worst
L
case, the total number of feasible routes is |Rp(s,d)| = DTmin, where L,,;, is the

L
length of the shortest edge in G. For simplicity, we use { to denote D Zmin . In uniform
sampling, each feasible route has the equal probability to be sampled. Therefore, in

each iteration, the probability that the optimal route is selected is Pr{R*} = % After
I iterations, the probability that we can obtain the optimal route is 1 — (1 — %)I . To
guarantee that the probability of obtaining the optimal result is larger than (1 — ¢),
e € (0,1), the number of iterations should be I > log(glf%. The analysis of other

sampling methods are similar, thus being omitted.

5.3.5 Complexity Analysis

Sampling a feasible route is the dominated time cost of the route sampling frame-
work. Therefore, we focus on analysing the time cost for sampling feasible routes
which utilize Eq. (5.2) to check the feasibility of an edge. The corresponding time
complexity of this check is O(log n) because both dist(R) and |e; ;| are already known,

and dist(SR;4) can be retrieved with time O(logn). Therefore, the time complexity
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L

Lmin

is the maximum number

for sampling a feasible route is O(=—- D-logn), where

min

of edges in the route, and D is the maximum vertex degree among all vertices.

5.4 Experiments

5.4.1 Setups

We conduct experiments over three real datasets, i.e., the road networks and POIs
of Dublin, Beijing and London. All the datasets are extracted from OpenStreetMap

and their details are presented in Table 5.2.
Table 5.2: Datasets for evaluating KCR query

Datasets No. of vertices No. of edges No. of POIs
Dublin (DL) 62,975 82,730 5,297
Beijing (BJ) 46,029 62,778 21,192
London (LN) 209,045 282,267 34,341

In the experiments, we evaluate the performance of three route sampling strate-
gies, i.e., uniform route sampling (Uni), prioritized route sampling (Pri), and dynamic
prioritized route sampling (DPri). We use DPril, DPri2 and DPri3 to denote the
three different update strategies in DPri. In addition, we revise the Nearest Neighbor
Heuristic (NNH) algorithm in [27] to process KCR query and use it as a baseline.
NNH expands from the start location s, and selects the nearest POI containing query
keywords to expand until reaching the distance threshold L.

We generate 50 KCR queries for each dataset. The two query locations of each
query are randomly selected from vertices V', and query keywords are randomly
selected from the vocabulary built based on the textual description of POIs. The
average score of returned routes for 50 KCR queries is used as the metric to evaluate
the performance of solutions.

The settings of used parameters are summarized in Table 5.3, where the default
values are highlighted in bold font. We use London dataset as the default dataset if

no specific statement. |V (s,d)| denotes the number of vertices whose total distance
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to two query locations, i.e., s and d, is less than the distance threshold L. |V (s,d)| is
computed with two expansions from s and d, respectively. In addition, the distance
threshold of each KCR query is specified with a certain deviation from shortest

distance dist(SRsq) between two query locations.

Table 5.3: Parameter setting in KCR query

Parameters Meaning Values

m’ number of sampled routes to up-  {0.005, 0.01, 0.02, 0.03, 0.05, 0.1,
date p;,; 0.3, 0.5} [V (s,d)|

p the decrease ratio in DPri3 0.01, 0.05, 0.1 0.2, 0.3, 0.4, 0.5

L distance threshold {1.2, 1.8, 1.4, 1.5, 1.6} = dist(SRs q)

T response time limit 1, 3,5, 7,9 (seconds)

5.4.2 Experimental Results

Varying parameters in DPri3: Figure 5.4 illustrates the average scores of 50
KCR queries over London dataset with T'=1 second while varying the parameters
m’ and p. As suggested by Figure 5.4(a), the optimal value of m’ is 0.03=|V (s, d)|.
A smaller m’ will degrade DPri3 to the Pri sampling while a larger m/ will slow the
update of p;;, thus reducing the efficiency of route sampling. The other parame-
ter used in DPri3 is the decrease ratio p which should be set to 0.2 according to
Figure 5.4(b). A smaller p than 0.2 results in a quick increase of p; ; for frequently
visited edges while reducing the chance to explore unvisited edges. In contrast, a
larger p than 0.2 will weaken the utilization of previously sampled routes.

Comparing different route sampling methods: Figure 5.5 illustrates the per-
formance of different route sampling methods on three datasets. Pri outperforms Uni
because it considers the scores of edges rather than selecting edges uniformly. DPril
does not achieve better performance than Pri because it has a low chance to visit
the edges that have been visited many times before. However, these edges may still
lead to the optimal routes. Differently, both DPri2 and DPri3 achieve better perfor-

mance than other route sampling methods. Particularly, the query results returned
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Figure 5.4: Varying parameters in DPri3.
by DPri3 are much better than that of other route sampling methods. Therefore, to
simplify the presentation, we only report the results of DPri3 for dynamic prioritized

route sampling in the subsequent experiments.
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Figure 5.5: Comparing different route sampling methods on three different datasets.

Varying response time: Figure 5.6(a) illustrates the results of KCR query while
varying the response time limit. For Uni, Pri, and DPri3, the average route scores of
query results gradually increases with the increase of response time limit. Actually,
given a response time limit large enough, the route sampling framework can find
results with very high quality. The query results obtained by NNH keep the same
when varying the response time limit because it only generates one route greedily as

the query result.

Varying distance dist(SR,,) and distance threshold L: We generate 20
distance intervals between 0 km and 20 km with a distance span of 1 km. For each

distance interval, we randomly generate 50 KCR queries such that dist(SRsq) is
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Figure 5.6: The results while varying response time limit, distance dist(SRs4) and
distance threshold L

within the corresponding distance interval. According to Figure 5.6(b), the average
score increases with the increase of dist(SRs4) and DPri3 outperforms Uni, Pri and
NNH. Figure 5.6(c) illustrates the query results by varying the distance threshold L.

As suggested by Figure 5.6(c), DPri3 still has the best performance.

5.5 Summary

To retrieve interesting routes for users, we propose KCR query that combines spatial
keyword query and route planning to retrieve the routes that have the most query
keywords while satisfying a cost constraint. To efficiently solve KCR query problem,
we propose an adaptive route sampling framework with both static and dynamic
route sampling techniques, where dynamic route sampling techniques can improve
route sampling by learning knowledge from the routes sampled previously. The pro-
posed route sampling framework can generate query results flexibly according to the
given response time limit, thus avoiding the low efficiency of traditional exact solu-
tions and the low quality of approximate solutions and achieving a tradeoff between
the query efficiency and the quality of query results. Though KCR query in this
work focuses on road networks, it can also find applications in many other scenarios,

e.g., route searching in shopping malls and theme parks.

62



Chapter 6

Bounded-Cost Informative Route
Query

6.1 Introduction

Although there exist some studies on route query over road networks using the spatio-
textual data [8, 95, 54, 97, 53], they mainly aim to find a route to cover a set of query
keywords while satisfying a travel cost (e.g., travel distance) budget or minimizing
the travel cost. These queries are analogous to the Boolean keyword search in Web
search engines and suitable for trip planning that aims at visiting particular types
of POIs, e.g., a route passing a restaurant and a bank. However, if users want to
find a route textually relevant to the given query keywords, keyword coverage search
cannot apply because it only needs to cover the query keywords and cannot compute
a textual relevance score for each route. Thus, existing studies cannot find a route
that is most relevant to the given query keywords regarding the textual relevance.
In this Chapter, we propose a new route query termed Bounded-Cost Informative
Route (BCIR) query which retrieves the optimal route that is most textually relevant
to the user-specified query keywords. Concretely, given the start and destination
locations s and d, the query keywords and a travel cost budget (e.g., the maximum

travel distance or time), BCIR query finds the optimal route R* from s to d such

63



that the travel cost of R* is bounded by the given travel cost budget, and the textual
relevance (also called route score) between the keyword description of R* and the
query keywords is maximized. The reason for introducing a travel cost constraint is

that users generally have a cost budget in mind to avoid a high travel cost.

BCIR '®\ KOR

7SRl N

scenigxﬁews hlgh«t{undlngs
!

scenic‘@nd nature-

4
nature-friendly frien d\ly views

roads 10 :
| ect?gc;rlny route with frequent
nature:\friendly traffic jams

routes, with nice, Hotel with
scenic sRots }  swimming pool

Figure 6.1: The difference between shortest route (SR) query, keyword-aware optimal
route (KOR) query and bounded-cost informative route (BCIR) query, where query
keywords are “scenic, nature-friendly” .

For example, a tourist may issue a query with query keyword “scenic, nature-
friendly” to find a route that is scenic and nature-friendly. Figure 6.1 illustrates the
difference between shortest route (SR) query, keyword-aware optimal route (KOR)
query [8] and BCIR query, where KOR query is one representative for the keyword
coverage route queries. The number beside each route is the corresponding travel
cost. The SR route is the shortest route from s to d but contains no query keywords.
KOR query retrieves the optimal route that only needs to cover all the query key-
words once. In contrast, the BCIR route is most relevant to “scenic, nature-friendly”
than the other two queries with a little larger travel cost.

BCIR query has a wide range of potential applications, e.g., finding interesting
tourist routes, finding emotional routes, and detecting the routes that are relevant
to complaints to support urban maintenance. Particularly, two representative appli-

cations are discussed below.
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Application scenario I: finding interesting tourist routes

Tourists usually would like to explore interesting attractions when visiting a new city.
With the BCIR query, they can easily specify what they are interested in by query
keywords and search for the corresponding route that is most relevant to the given
query keywords. As discussed in Figure 6.1, one tourist may issue a BCIR query to
find a route relevant to “scenic, nature-friendly” from her current location to the
hotel. More interestingly, BCIR query can retrieve a route of some specific topics.
For example, a route with the topic “shopping” can be retrieved by specifying some

query keywords relevant to shopping such as “sale”, “mall” and “shop”.

Application scenario II: finding emotional routes

In addition to finding efficient routes that are short and fast, users may also want to
find some routes that are emotionally pleasant [69]. Existing studies mainly focus
on computing the emotion scores of routes from different aspects such as happiness,
quietness and beauty. Novelly, BCIR offers a general and flexible way to compute an
emotionally pleasant route by specifying some emotion-aware query keywords. For
example, if someone wants to find a happy route, a BCIR query with query keywords
“happy”, “joy” and “delight” will help. Moreover, some dangerous and negative
routes can also be identified by using query keywords like “crime”, “robbery” and

“accident” in BCIR query.

Challenges and Contributions

It is difficult to answer BCIR query efficiently due to its non-additive property (cf.
Section 6.2.2), i.e., the textual relevance of a route is computed based on the text
description of the entire route rather than simply summing the textual relevance val-
ues of its edges. This characteristic differentiates BCIR query from existing keyword
coverage route queries which have additive route scores. Furthermore, BCIR query

is actually an NP-hard problem (cf. Section 6.2.2). For such a computationally
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expensive problem, we propose three solutions, i.e., an exact solution with efficien-
t pruning techniques, an approximate solution with response time guarantee and
another approximate solution with quality guarantee. The exact solution with mul-
tiple pruning methods can greatly reduce the search space and return exact results
for BCIR queries of small cost budgets efficiently. In contrast, the two approximate

solutions report good approximate results for BCIR queries of large cost budgets.

6.2 Problem Statement

In this section, we first formally define the BCIR query problem. Then, we prove

that BCIR query is an NP-hard problem and discuss its non-additive property.

6.2.1 Problem Definition

Before defining BCIR query, we first give a new definition of road network as below.

Definition 6.1 (Road Network). A road network is modeled by a directed graph
G(V, E), where each vertex v,eV represents an intersection of roads; each edge e; ,€E
represents the directed road segment from v; to v; and is associated with a travel cost

c;j and a set of keywords K, ; with their occurrences.

Example 6.1. Figure 6.2 illustrates a small road network. For simplicity, we assume
that all edges are bi-directed. The travel cost and keywords are labelled beside each
edge. For example, the travel cost of edge es3 = (s,v3) is cs3=5 and its keywords are
Kss={ki: 1, ks: 1} where the numbers specify the occurrences of the corresponding

keywords on edge e 3.

The travel cost ¢; ; of edge e; ; can be any non-negative metric, such as the length
of e;; and the time to travel through e; ;. The keywords K;; of edge e;; can be
extracted from different sources, e.g., the geo-tagged comments from Foursquare and

Facebook.
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Figure 6.2: A small road network, where each edge is associated with its travel
cost and keywords (if exist). Given a BCIR query with start location s, destination
d, query keyword IC,={k;}, and travel cost budget B=12, the query result is route
R*={s,v,d).

Aroute R={v,,, ..., v, ) consists of a sequence of vertices, where edge (vy,, Vz,,, )EE
and v, #v,; if z;#x; (1 <i,7 <7). Weuse Er and V to denote those edges and ver-
tices on route R, respectively. The travel cost of R, A(R), is computed by summing
the travel costs of its edges, i.e.,

)\(R) = 2 Cij- (61)
efL'ijER
The shortest route from v; to v; is denoted by SR, ; whose travel cost is A(SR; ;).
The keyword description of route R, Kg, is computed by merging the keywords of
its edges, i.e.,

Ke= | Kij (6.2)

einGER
where |4 is an union operation for multi-set that allows duplicate elements.

The BCIR query is then defined as below.

Definition 6.2 (Bounded-Cost Informative Route (BCIR) Query). Given a road
network G, a BCIR query is denoted by q=(s,d,IC,;, B), where s and d specify the

start location and destination, respectively, IC, is a set of query keywords, and B is
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a travel cost budget. The objective of q is to find the optimal route R* from s to d
such that:

R* = arg max T(R) (6.3)
ReC

where T(R) computes the textual relevance between K and ICy; Cfd represents those

candidate routes, from s to d, whose travel costs are less than or equal to B, i.e.,
C; d ={R|Re€ Rsq A A(R) < B} (6.4)
and R q represents the entire set of simple routes from s to d.

The cost budget B is specified by a deviation ratio p = 0 from the shortest route
between two query locations, i.e., B=(1 + u) - A(SRs4). Note that the travel cost
budget B can be also specified by users directly.

In this work, we compute route score 7(R) by utilizing the TF-IDF model [104]

which is widely used for information retrieval. Concretely, we have

Zkelc (ka) (wk,q)

\/ZkeICR wi,Rr)? Zkequ( a)?

T(R) = (6.5)

where wy, p=1 + In(fx.r) and f r counts the occurrences of keyword k in Kg; wy ,=

In(1 + ‘IEEH) and Ej, are those edges containing keyword k.

Example 6.2. Figure 6.2 illustrates a BCIR query, where the start location and
destination are s and d, respectively; K,={k1} specifies one query keyword, and the

travel cost budget is B=12. As listed in Table 6.1, there are five possible routes.

Particularly, for route Ri={s,v1,d), we have
ICRl = ICs,l & Kl,d = {<I{51 . 3>, </{32 : 1>}

where the numbers record the occurrences of the corresponding keywords. For exam-

ple, {ky : 3) indicates that keyword ky appears three times on route Ry. We then
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have wg, r,=1 4+ In3 and wy, p,=1 + In1. Meanwhile, we have |Ey,|=4, |Ey,|=2
and | Ey,|=3, which count the numbers of edges containing keywords ki, ko and ks,

respectively. For query keyword ki, we have

E 7 11
]’E |’)=1n(1+—) =In—
k1

Wy g = In(1 + 1 1

Accordingly, the score of route Ry is

Zkelcq (wk,Rl) ’ (wk,q>

\/ZkelCRl (W, )? - Zkequ (Whyq)?

(1+In3)-(In)

(1 +13)2 + (1 +n1)2) - (in 112

T(Ry) =

0.903

The scores of the other four routes can be computed in the same way. The details
of five routes are summarized in Table 6.1. Routes Ry and Ry should be pruned since
their travel costs are larger than the cost budget B=12. The other three routes are
candidate routes and Ry is returned as the query result because its score is larger

than that of routes Ry and Rs.

Table 6.1: All possible routes for the BCIR query in Figure 1

Route Cost Keyword Score
R1 = <8,’U1,d> 12 {<k1 : 3>, <l€2 : 1>} 0.903

RQ = <S,’U2,d> 10 {} 0

Rs = (s,v3,d) 11 {{k1: 1), (ka:2), (ks :2)} 0.385

Ry = {s,v3,v1,d) 15 {{ky :3), (ks : 1)} 0.903

Rs = (s,v1,v2,d) 17 {{k1:2), (ka: 1), (ks : 1)} 0.767

6.2.2 Problem Hardness
A. NP-hardness

BCIR query can be proved to be NP-hard. First, we define the decision problem of
BCIR query, Decision-BCIR, as below.
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Definition 6.3 (Decision-BCIR). Given a road network G, a BCIR query q=(s,d, KCy, B)
and a score threshold X >0, Decision-BCIR decides whether there exists a route from

s to d such that its cost is at most B and its score is at least X .
Then, we have the following theorem.
Theorem 6.1. Decision-BCIR problem is NP-hard.

Proof. This theorem can be proved by a reduction from the Hamiltonian Route/Path
(Ham-Route for short) problem, a well-known NP-Complete problem, to the Decision-
BCIR problem. Given a road network G(V, E'), Ham-Route problem decides whether
there exists a route passing each vertex in V' once and only once. Then, we can for-

mulate an instance of the Decision-BCIR problem based G as below.

e Road network G'(V', E’): We create a new road network G'(V’, E’) by let-
ting V'=V U {vs,v4} and E'=E U {(v;, vj)|vi€{vs, va} A v;eV}, where vy and
vy are two new vertices. For each edge e; jeE’, we set its cost ¢; ;=1. In addi-
tion, we assume that edge e; ;€ in G’ contains one unique keyword and edge

ei j€{(vi, v;)|vie{vs, va} A v;€V} does not contain any keywords.

e Decision-BCIR problem ¢=(s,d, K,, B, X'): The start location s and desti-
nation d correspond to vertices v, and vy on G’, respectively. Query keywords

IC, contains all the keywords in G’, i.e., |IC;|=|E|. The cost budget B and score

threshold X are set to n + 1 and ”‘T’ﬁ, respectively, where n=|V|.

Then, we can prove that G has a Ham-Route R if and only if there exists a route
R’ from vg to vy on G’ such that the cost of R’ is at most n + 1 and the score of R’
n—1

is at least R

One the one hand, assuming that there is a Ham-Route R in G that passes all

the n vertices in V', we can get a new route R’ in G’ by adding v, and v, to the two
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ends of R, respectively. The cost of R’ is n+ 1 because R’ has n + 2 vertices and the

cost of each edge is exactly 1. Meanwhile, the score of R’ is

Zke(ICR/mICq) (wk,R’) ’ (wk,Q)

\/EkelCR, (wk,r)? - Zkequ (wk,q)Q.

(R = (6.6)

Considering that each edge (except for the edges connecting to vs and vy) in G’

contains one unique keyword, we have |Ej|=1 for keyword k and |Kg/|=n — 1. Fur-
thermore, we have wy, ,=In(1+ “E “) In(1+|E'|) and wy, gr=1+1In(fy r)=1+In(1)=1.
We then have

Zke(lCleCq) 1-In(1 + |E'])

Vi 12+ D, (L + [E)))2

Kr| -ln(l +|E))
K| 1C,] - In(1 + |E|)

= M'(iR’ N |E (6.7)

where 3k (Wirr) - (Weg) = K| - In(1 + [E']) because K, contains all the

T7(R') =

keywords and Kr<cK,. Therefore, if there is a Ham-Route R in GG, we can find a

-1

route R’ in G’ such that its cost is at most n + 1 and its score is at least ‘ B

On the other hand, we assume that there is a route R’ in G’ such that its cost

n—1

is at most n + 1 and its score is at least T According to Eq. (6.7), we have

T(R')= ll%;l\h‘: l%ﬁ"—', where |KCg/| counts the number of keywords on route R'. R’

should contain at least n — 1 keywords if its score is at least 4 /2=t. Accordingly, R’
must have at least n + 1 edges considering that each edge in G’ contains one unique

keyword and the edges connected to v, and vy have no keywords. Meanwhile, R has

at most n + 1 edges because its cost is at most n + 1 and the cost of each edge is 1.
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Therefore, R’ has exactly n + 1 edges. By removing v, and vy from R’, we get the
corresponding Ham-Route R in G.

It completes the proof. m

Therefore, Desicion-BCIR problem is NP-hard, thus the NP-hardness of BCIR
query.

B. Non-additive Property

The route score in BCIR query is non-additive because it is computed based on the
text description of the entire route. In other words, the score of a route cannot be

computed by adding the scores of its sub-routes.

Example 6.3. Tuke the BCIR query in Figure 6.2 for example and consider route
Ri={s,v1,d) and its sub-routes Ri1=(s,v1) and Ris={vi,d). With Eq. (6.5), we
have 7(R1)=0.903, 7(R11)=0.707, and 7(R12)=1.0. Obviously, the score of route Ry
cannot be computed by summing the scores of its sub-routes, i.e., T(Ry)#T(Ry1) +

T(Ry2).

The non-additive property makes BCIR query more difficult than the existing
keyword coverage route queries [8, 53, 54, 95, 97] in which the scores of routes are
additive. Accordingly, this non-additive property also prevents us from leveraging

existing techniques to process BCIR queries efficiently.

6.3 Solution Overview

Considering the hardness of BCIR query problem, we design different solutions for

different application scenarios.

Scenario I: Requiring optimal result
In this scenario, users request for the exact results. BCIR query is NP-hard, indi-

cating that it is impossible to devise an exact solution of polynominal complexity to
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process BCIR query. Nevertheless, it is still possible to evaluate all candidate routes
if the travel cost budget is small. Additionally, some users may be willing to wait for
a reasonably long time for the exact query results. Therefore, we propose an exact
solution to BCIR query problem and design effective pruning techniques to reduce

the search space

Scenario II: Limiting response time

In this scenario, users wish to obtain the query results within a specified time limit.
To satisfy this requirement, we propose the time-bounded solution (TBS) which re-
ceives as input a processing time limit and aims at maximizing the scores of returned

routes within the time limit.

Scenario III: Guaranteeing answer quality
Some users would like to sacrifice a certain degree of exactness to reduce the running
time as long as the quality of query result is guaranteed. To meet this requirement,
we propose the error-bounded solution (EBS) which imposes an approximation error
threshold on the returned route.

Figure 6.3 provides an overview of the three solutions. Sections 6.4, 6.5 and 6.6
will discuss the technical details for the exact solution, time-bounded solution and

error-bounded solution, respectively.

6.4 Exact Solution

6.4.1 Algorithm Sketch for Exact Solution

BCIR query retrieves the optimal route with the largest score among all the candidate
routes Cfd that satisfy the travel cost budget B. Therefore, one exact solution for
solving BCIR query problem is to evaluate all the candidate routes and select the
route with the largest score as the query result. Algorithm 6.1 sketches this exact

solution which explores the candidate routes by a depth-first expansion from the
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BCIR query q = (s,d, Ky, B)
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Figure 6.3: Solution overview for BCIR query

start location s. Initially, a partial route set U is created to store partial routes (i.e.,
routes starting from s but not reaching destination d) during the query processing
and R* is used to record the current optimal route. The initialization of U and R*
will be discussed in Section 6.4.5. In each iteration, a partial route is selected from U
to generate more partial routes by expanding the adjacent vertices of its end vertex.
Once a partial route reaches the destination d and its score is larger than the current
optimal route R*, R* is updated. The algorithm terminates until U is empty.
However, it is computationally expensive to conduct such an exploration because
the number of candidate routes could be considerably large. To reduce the search
space, we design effective pruning techniques to avoid checking those candidate routes
that cannot be the optimal result as soon as possible (line 6 in Algorithm 6.1, cf.

Sections 6.4.3 and 6.4.4).

6.4.2 Indexing

In order to facilitate the query processing, we build a Shortest Route Indexr and an
Inverted Indez for road network G.
Shortest route index: Shortest route computation will be frequently used to check

whether a route is feasible when processing the BCIR query. In order to facilitate
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Algorithm 6.1 Algorithm sketch for the exact solution

Input: BCIR query ¢=(s,d, K,, B)

Output: The optimal route R*
1: Initialize partial route set U
2: Initialize the optimal route R* by heuristics > Section 6.4.5
3: while U is not empty do

4: select a partial route R from U

5: generate new partial routes Cg based on R

6: prune unpromising routes in Cp > Sections 6.4.3 and 6.4.4
7 for R' € Cr do

8: if R’ reaches the destination d then

9: update R*

10: else

11: add R to U

12: return R*

the shortest route computation, we build a Contraction Hierarchy (CH) [36] index,
one of the most efficient index structures for shortest route computation, for road

network G.

Inverted index: In order to check which edges contain the query keywords, an
inverted index is built for all edges E. Inverted index is widely used for text indexing
by listing for each keyword those documents that contain it. Table 6.2 is an example
of the inverted index for the road network in Figure 6.2, where the numbers after

the colon are the occurrences of the corresponding keywords.

Table 6.2: The inverted index for the edges in Figure 6.2

Keywords Edge list

k1 (esq 1), {es3 1), {e12:1), {e1q4:2)
ko (esn 1), {e3q:2)

kg <6373 . 1>, <€172 : 1>, <63,d . 1>

Caching shortest costs: In addition, during the query processing of each BCIR
query, we build a hash table S to cache the shortest costs, A(SR; ;), that have been
computed. Then, A(SR; ;) can be obtained from S directly if it is in the hash table,
which will further facilitate the query processing. The corresponding algorithm for
looking up A(SR; ;) is detailed in Algorithm 6.2.

In what follows, we will detail the proposed pruning techniques (Sections 6.4.3

)



Algorithm 6.2 Look up the shortest cost A(SR; ;)

Input: Cached hash table S, start vertex v; and end vertex v;
Output: The shortest cost A(SR; ;)

1: /\(SRL]) <« 00

2: if S contains A(SR; ;) then
get A(SR; ;) from S

: else
compute SR;; by CH index

4

5

6 for each vertex v, on route SR, ; do

7 if S does not contains A(SR; ) then
8

9:

b

: add A(SR; ;) to S
return A\(SR; ;)

and 6.4.4) and the corresponding query processing algorithm that combines these

techniques (Section 6.4.5).

6.4.3 Cost Pruning

The goal of cost pruning is to prune those partial routes that violate the cost budget
B during query processing. In other worlds, the pruned partial routes cannot expand
to generate any candidate routes.

Given a partial route R={s,...,v;), the set of candidate routes, from the start

location s to the destination d, generated by expanding R is
Cr={R|R =R®R, R, eCl} (6.8)

where Cfé is the set of candidate routes from the end vertex v; to the destination d

(cf. Eq. (6.4)), B'=B — A(R), and @ is an operation to concatenate two routes.
The essential idea of cost pruning is to compute a lower bound cost A~ (R) for all

the candidate routes, Cg, generated by expanding partial route R, and verify whether

A7 (R) violates the cost budget B. First, we define the lower bound cost A\™(R).

Definition 6.4 (Lower bound cost). Given partial route R={s, ..., v;), a lower bound

cost A\™(R) for all the candidate routes Cg satisfies A\~ (R) < A(R'), YR € Cp.
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With the lower bound cost A\~ (R), the partial route R should be pruned if
A (R) > B.
Considering that the shortest cost between two vertices is a lower bound for all

the routes between them, we compute A\~ (R) as below.
A (R) = MR) + MSRiq) (6.9)

where SR, 4 is the shortest route from the end vertex v; to the destination d. We

then have the following lemma.

Lemma 6.1. Given partial route R, the A™(R) computed by Eq. (6.9) is a lower

bound for the costs of those candidate routes Cr generated by expanding R.

Proof. For any candidate route R'eCgr, we assume that R'=R @ R,, where RxeCfC;.
Since SR;4 is the shortest route from v; to d, we have )\(SRZ-,d)<)\(RI),VRmeCfé.
Therefore, for any candidate route R’ € Cg, we have A(R')=A(R) + A(R,)=A(R) +
ASR; 4)=A"(R). Thus, A" (R) is a lower bound for the costs of those candidate

routes generated by expanding partial route R. ]

Example 6.4. Tuke the BCIR query in Figure 6.2 for example. Assuming that the
partial route is R={s,vs,v1), R should be pruned since A~ (R) = AM(R) + A(SRy 4) =
10 + 5 > B, where the cost budget B=12.

Pre-computing A(SR;;): When computing A\~ (R), A(SR;4) is computed online,
which incurs a high computation cost. With the observation that the destination d
is fixed for all shortest routes SR, 4, we pre-compute the smallest costs to the desti-
nation d for those vertices that are within the travel cost budget from d by utilizing
a reverse Dijkstra’a algorithm. With these computed smallest costs, A(SR;q) can
be retrieved directly instead of being computed from the scratch during the query

processing.
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6.4.4 Score Pruning

Intuitively, a partial route R should be pruned if all of its expanded candidate routes,
Cr, are not better than the current optimal route R*. Therefore, we aim at computing
an upper bound score, 77 (R), for all the candidate routes Cr and exploit 77 (R) to
verify the possibility that there exists a route in Cg that is better than the current
optimal route R*.

First, we define the upper bound score 71 (R) as below.

Definition 6.5 (Upper bound score). Given partial route R={s, ..., v;), an upper

bound score Tt (R) for all the candidate routes in Cr satisfies 7+ (R)=7(R'), VR € Cg.
Then, we have the following lemma about score pruning.

Lemma 6.2 (Score Pruning). Given partial route R and the current optimal route
R*, R should be pruned if 77 (R) < 7(R*), where 77(R) is an upper bound score for

all the candidate routes generated by expanding R, i.e., Cg.

Proof. Since 77 (R) is an upper bound score for all the candidate routes in Cr, we have
T(R)<7T(R) for each route R'eCg. By inequality transition, we have 7(R')<7(R*),
indicating that the candidate routes generated by expanding partial route R cannot

be better than the current optimal route R*. Therefore, R should be pruned. O]
Computing 77 (R)

The challenge for computing 77 (R) is twofold. On the one hand, 77 (R) should be
computed based on a route set, Cg, rather than a single route. On the other hand,
as discussed in Section 6.2.2, the route score in BCIR query is non-additive and we
cannot add the scores of routes I, and R, to obtain the score of route R, ® R,.
With these two challenges, the proposed techniques for computing the upper bounds

of route scores in existing studies cannot be applied to the BCIR query directly.
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In this study, according to the definition of route score in Eq. (6.5), we compute

the upper bound score 77 (R) by the following equation.

= Zkelcq (1 + ln(fk,R + F+(k7 i,d, Bl))) ’ (wk,Q)
\/ZkeICR (1+1In(frr))?- Zkelcq (Wrq)?

77(R) (6.10)
where f g is the frequency of keyword k on route R, F'*(k,i,d, B') is a function that
computes an upper bound for the occurrences of keyword k£ on all the sub-routes
Cfé and requires fy g, <F*(k,i,d,B’"),YR, € Cfé. We will discuss the computation
of F*(k,i,d, B') later.

Then, we have the following lemma about the upper bound score computed above.

Lemma 6.3. The upper bound score 7+(R) computed by Eq. (6.10) is an upper
bound for the scores of all the candidate routes, Cgr, generated by expanding partial

route R, i.e., T(R')<7"(R),VR' € Cp.

Proof. We use R’ to represent any candidate route in Cr and let R'=R ® R,, where
sub-route R, € Cfé. Accordingly, the frequency of keyword k on route R’ is the sum
of the frequencies of keyword k on routes R and R,, i.e., fo rr="/[fi,r + fr.R.-

According to the definition of route score in Eq. (6.5), we have

Dikerc, (Wi,Ry) - (Wig)

7(R) = (6.11)
\/ZkelCR, (wir)? - Digerc, (Whg)?
For simplicity, we denote wy=y /> ek, (Wi,q)* and then have
T(R/) _ ZkE’Cq (wk7R,) : (wkH) (612)
Wq - \/ZkeKR/ (wi,rr)?
On the one hand, for Eq. (6.12), we have
2 (wem) - (weg) = 25 (L4 (fir + fir,) - (hg) (6.13)

kekyq keky
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Since F'*(k,i,d, B") computes an upper bound for the occurrences of keyword k for

all the sub-routes R, € Cfé, we have

D (W) - (wig) < D3 (L W(fir + FF(kyi,d, BY))) - (wg) (6.14)

kekCq kekCq

On the other hand, the denominator in Eq. (6.12) has the following derivation.

wee | > (wer)? = wee | Y (L In(fir+ frp.))?

kE]CR/ kG/CR/

> wye [ Y (L+In(fer))? (6.15)

]{IGICR
Combining Eq. (6.12), Eq. (6.14) and Eq. (6.15), we have

Zkelcq (we,rr) - (Whyg)

wq ’ \/ZICEK:R/ (wsz/)2

Zke/Cq (1 + hl(fkﬁ + F+(k;7 i,d, B,))) ’ (w/&(I)
Wq \/ZkeicR (1 +1In(fkr))?

T(R) =

N

= 7(R)

Therefore, we have 7(R')<7*(R) for any candidate route R'€Cg. Thus, the 7% (R)
computed by Eq. (6.10) is an upper bound for the scores of all the candidate routes,
Cr, generated by expanding partial route R. [

Computing F*(k,i,d, B')

Given partial route R=(s, ..., v;), function F*(k,i,d, B") computes an upper bound
for the occurrences of keyword %k on all the sub-routes Cﬁ;, where ¢ and d are the
subscript of the end vertex v; of R and the destination d, and B'=B — A(R). Since
F*(k,i,d, B") will be invoked frequently during query processing to compute the

upper bound score, an efficient method for computing F'*(k, 4, d, B) is required.
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One straightforward method for computing F'*(k,i,d, B") is to evaluate the oc-
currences of keyword k, fi r,, on each route RIGCZ% and report the maximum fj g, .
However, Cfé could be considerably large, making it time prohibitive to evaluate
all the routes in Cﬁ;. Therefore, instead of evaluating all the routes in Cfi;, we uti-
lize those edges on routes Cfc; to directly estimate the maximum possible number of
occurrences of keyword k on each route RmeCfé.

With end vertex v;, destination d and the remaining cost budget B’, the set of

edges Efé that appear on routes Cﬁ; and contain keyword k is computed by
EP(k) = {epglesg ¢ RAkeKyg AT(i, f,g,d) < B'} (6.16)

where function I'(4, f, g, d)=A(SR; s) + ¢f4 + A(SRy,q) computes the smallest travel
cost from v; to d when passing edge ey .

In Eq. (6.16), inverted index is utilized to check whether edge e, contains query
keyword k and Algorithm 6.2 is invoked to compute A(SR; ). Note that we can
get A(SRy4) in Eq. (6.16) directly since a reverse Dijkstra’a algorithm has been
conducted at the beginning of query processing to compute the shortest cost to the
destination d for each vertex (cf. the last paragraph in Section 6.4.3).

Straightforwardly, F*(k,i,d, B") can be computed by counting the total oc-
currences of k on all edges in EZBC;(k:) Nonetheless, the computed upper bound
F*(k,i,d, B") in this way could be very loose since Eﬂ(kz) covers much more edges

than each route I,e Cfé.

Example 6.5. Tuke Figure 6.4 for example and assume that the remaining cost
budget is B'=6. With Eq. (6.16), the set of edges on routes Cfi; and containing
keyword k is Eg;(k)z{el’g,eg’g,65’7,67,8,68,(1} whose total keyword occurrences are
20. However, the corresponding total cost is 9 which is larger than the remaining
cost budget B'=0, indicating that the computed upper bound is loose.
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VU3

Y7 (k:3)
Figure 6.4: Road network example for computing F'*(k,i,d, B').
To obtain a tighter F'*(k,,d, B"), we compute the maximum number of keyword-
s k that each route RxeCfé could have by selecting a sub-set of edges from Eﬁ;(k)
rather than using the whole set. To this end, we build an average keyword frequen-
cy histogram H for those edges in EZBC;(k) and leverage this histogram to compute
F*(k,i,d,B").

First, with the frequency of keyword k on edge e, f, the corresponding average

keyword frequency is fk@ = ! f’e, where ¢, is the travel cost of edge e.
!
> B
5 e :
=3 1 !
g fk,e1 i
&7 -] |
- k,ez :
S |
2 . = =
kes|”"T~~7 I
gz ep |
o Jlegl=-F-=--1--1--17—
an ]
< 1
5 i
Z; : ey
L7 I I R R A A A
X4 Xy X3 Xgp_ql Xg  Xy_1X,

Accumulated cost

Figure 6.5: Average keyword frequency histogram

All edges in EZBC;(k:) are then sorted based on their average keyword frequencies.
Without loss of generality, we assume that the sorted edges are ey, es, ..., e, where
Fre <[ ke, if 1<j. The corresponding average keyword frequency histogram #H for
these sorted edges is illustrated in Figure 6.5, where the accumulated cost x;=x; 1 +
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Ce; and T1=c,.
Given the remaining travel cost budget B’ and the average keyword frequency

histogram H, F*(k,1,d, B') is computed by

F+(k7iadaB/) = fk,e1':L.l"i'.]?k:,ez'(xZ_x1)+"'+.fk,e/3'(B,_x6—1>

= Jfrer T Jhe T+ fk,Eg - (B"—x5-1) (6.17)

where B’ is assumed to be located at edge e, i.e., 15-1 < B’ < x3. We then have

the following lemma.

Lemma 6.4. The F*(k,i,d, B") computed by using the average keyword frequency

histogram H is an upper bound for the keyword frequency fi r, of any route R, € Cfé.

Proof. We first assume that the optimal route in route set Cr is R* and the corre-
sponding sub-route of R* from vertex v; to the destination d is R}. We further assume
that those edges containing keyword k on sub-route R} are Egs(k)={e;, €11, ..., €}
We then have Epx (kz)gEf‘;(k) since any edge that contains keyword k£ and is not in
EZB(;(k) will violate the cost budget constraint (cf. Eq. (6.16)).

The frequency of keyword k on route R% is fi px=>..p « (k) Jre and the cost of
sl R:z; ?

R* satisfies A(R%) < B’. In Figure 6.5, we record those edges on the left side of the
cost budget B’ or insects with B’ as Ey={ej,eq, - ,ez}. Then, for any edge e on
route R}, if e¢Fy, the average keyword frequency of e cannot be larger than any
edge in Fy,. Therefore, the F'*(k,i,d, B") computed based on E4 is an upper bound

for the keyword frequency fi g, of any route R, € Cﬂ. O

Example 6.6. Continued with Ezample 6.5, the costs, keyword frequencies, and
average keyword frequencies of these edges in EZB(;(k) are summarized in Table 6.3.

The corresponding average keyword frequency histogram is illustrated in Figure 6.6.
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Figure 6.6: Average keyword frequency histogram for Figure 6.4

Table 6.3: The edges EZ(k) containing keyword k in Figure 6.4

Edge Cost Keyword frequency Average keyword frequency
€1,2 2 6 3.0
€23 2 3 1.5
es.7 1 4 4.0
ers 2 3 1.5
eg.d 2 4 2.0

With Eq. (6.17), we have

F*(k,i,d, B

= fk,€5,7 + fk,61,2 + fk,es,d + fk762,3 : (B/ - 5)

446+4+15-(6—-05)

15.5

6.4.5 Query Processing Algorithm

Algorithm 6.3 presents the algorithm for the exact solution. The initialization and

processing procedures are elaborated below.

Initialization: Initially, a max-priority queue U is created to store partial routes

during the query processing and a partial route R with the start location s is en-

queued (lines 1-3). Meanwhile, route R* stores the optimal route and is initialized to

the shortest route from s to d, i.e., SRs 4 (line 4). Note that R* can be also initialized
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by other heuristic methods without modifying the algorithm. In addition, a reverse
Dijkstra’s algorithm is conducted to compute the shortest cost of each vertex to the

destination d (line 5).

Query processing: In each iteration, the partial route R with the largest upper
bound score is dequeued from U (line 7). If the upper bound score of R is not larger
than that of the current optimal route R*, R is pruned (line 8). Otherwise, the end
vertex v; of R is computed (line 9). Each adjacent vertex v; of v; is then concatenated
to R to generate a longer route R’ if v; has not been visited by R (lines 10-11). R’
will be pruned if it is impossible to generate a candidate route (cost pruning, line
12). If R’ survives from the cost pruning, arrives at the destination d and has a larger
score than the current optimal route R*, it is used to update R* (lines 13-14). If R’
is just a new partial route, its upper bound score 7t (R’) is computed (lines 15-16).
If 77(R’) is not larger than that of the current optimal route, R is pruned (line 17).
Otherwise, R’ is add to the priority queue U for further exploration (line 18). The
algorithm terminates when U is empty (line 6) and the optimal route R* is returned

(line 19).
6.4.6 Complexity Analysis

We assume that the minimum cost among all edges is ¢,,;,, and the maximum vertex

degree is D. In the worst case, Algorithm 6.3 needs to check O(Dﬁ) routes. There-

fore, the efficiency of pruning methods greatly affects the practical time complexity.

6.5 Time-Bounded Solution

In some applications, users would like to impose a constraint on the response time to
avoid waiting for a long time. To meet this requirement, we propose time-bounded

solution (TBS) which returns query results within the user-specified response time
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Algorithm 6.3 The exact solution

Input: BCIR query ¢=(s,d, K;, B)
Output: The optimal route R*

1: Initialize U < an empty priority queue

2: Initialize R « (s)

3: U.enqueue(R, 0)

4: R* «— SRS,d

5. Compute A(SR; 4) for each v; by reverse Dijkstra’s algorithm

6: while U is not empty do

7 R « U.dequeue()

8: if 7t(R) = 7(R*) then > score pruning
9: v; <—endVertex(R)

10: for v; € adj(v;) do

11: R — R® {v;}

12: if A\(R') + A(SR;4) < B then > cost pruning
13: if (v; = d) and (7(R’) > 7(R*)) then

14: R* — R > update the optimal route
15: else

16: Compute upper bound score 77 (R')

17: if 77(R') > 7(R*) then > score pruning
18: U.enqueue(R', A(R'))

19: return R*

limit.

The idea of TBS is based on the observation that candidate route set C between
two query locations s and d often share edges with each other. Therefore, it is possible
to convert one route to another by changing their sub-routes. One candidate route
can be enhanced if we can replace its sub-routes with other sub-routes such that the
new candidate route has a better score.

Figure 6.7 illustrates the framework for TBS which takes as input the road net-
work, the BCIR query and a response time limit, and returns an approximate query

result. In TBS, we have three major components:

e routes initialization generates a set of candidate routes;

e inferior sub-route identification randomly selects one candidate route from
the generated candidate route set and identifies an inferior sub-route with lim-

ited contribution to the score of the selected candidate route for enhancement;
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Figure 6.7: Framework of time-bounded solution

e route enhancement generates a new sub-route to replace the identified infe-

rior sub-route and enhances the selected candidate route.

When response time limit permits, inferior sub-route identification and route en-
hancement repeat continuously. Finally, the optimal route in the candidate route set
is returned as the query result. The details of the three components are elaborated

in the subsequent sub-sections.

6.5.1 Routes Initialization

Route initialization generates a set of h candidate routes C so that time-bounded
solution can further enhances these h candidate routes continuously until reaching
the response limit.

The reason for generating h candidate routes rather than one is twofold. On
the one hand, it is of high probability for one candidate route to get stuck in a
local optimum, thus reducing the probability of obtaining the optimal route. On the
other hand, enhancing h candidate routes is faster to approach the optimal route

than enhancing one. As illustrated in Figure 6.8 where the grey ellipse is the whole
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Figure 6.8: Initialized candidate routes and the search space

search space, if only route R; is generated, it will be a long way to enhance R; to get
the optimal route R*. In contrast, if four routes Ry, Ry, R3 and R, are generated,
it should be very fast to enhance R4 to get the optimal route R*.

The setting of h concerns two aspects. On the one hand, though a large h could
have a good coverage of the search space, it also requires much time to generate
and enhance the candidate route set. On the other hand, a small h cannot reflect
the advantage of route set initialization since it only covers a small search space.
Therefore, we will tune A in the experiments to determine its appropriate value.

To generate h candidate routes that are distributed randomly over the whole

search space, we propose two methods below.

A. Random route sampling

Random route sampling samples a candidate route by gradually expands edges from
the start location s. Initially, a route R with the start location s is generated. In
each expansion, one more edge is added to the end of R. To ensure that the added
edge e, ; satisfies the cost budget, e; ; should satisfy AM(R) + ¢; ; + A(SR; 4)<B, where
c;,j is the cost of e;; and SR, 4 is the shortest route from v; to the destination d.

Finally, R reaches the destination d and is returned as a candidate route.

Example 6.7. Take the BCIR query in Figure 6.2 for example. Initially, we have
R={s). There are three edges adjacent to s, i.e., es1, €52 and es3. We randomly

select one edge from the three edges and assume ess is selected, thus R={s,vs).
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Next, we consider the two adjacent edges ex; and esq of the end vertex ve of R.
Since A(R) + c21 + AMSR14) =5+5+5> B =12, only eyq is feasible. Therefore,

we have R={s,vq,dy which reaches the destination d, thus a candidate route.

B. Route sampling by adapted nearest neighbour heuristics

Since random route sampling generates candidate routes without considering the
query keywords on edges, the initialized candidate routes may have very small scores.
In this case, it will take a long time to enhance the candidate routes. To deal with this
issue, we propose to sample candidate routes by adapted nearest neighbours (NN)
heuristics. Traditional NN heuristics method [27] starts from the start query location
and gradually adds the nearest edge containing query keywords until reaching the
destination. In this way, we can always generate one candidate route. However,
time-bounded solution requires h candidate routes. Therefore, we adapt traditional
NN heuristics method so as to generate h candidate routes.

The initialization of adapted NN heuristics method is the same as random sam-
pling. In each expansion, we compute the h nearest edges E" containing query
keywords for the end vertex v; of R. Then, one edge is randomly selected from E”
and added to the end of R. The remaining issue is how to compute the h nearest
edges for vertex v;. For each BCIR query ¢, we compute all those edges, E,, that

contain at least one query keyword in Xy and satisfy the cost budget B, i.e.,
E,={esglesge En (Kpygn Ky # ) AT(s, f,g,d) < B} (6.18)

where function I'(s, f,g,d)=A(SRs ) + ¢ + AM(SRy4) is the same as that in E-
q. (6.16). For ease of discussion, we call E, positive edges. Then, we select the h

nearest edges E" for vertex v; from E.

Example 6.8. We still take the BCIR query in Figure 6.2 for example and initial-

ize R={s). First, we have positive edges E,={es1,€s3,€12,€1.4}. If h=2, we have
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Eh={e, 1, e.3}. Assuming that e, is selected, we have R=(s,v3). Then we consider
the two nearest edges containing query keywords for vs. However, we cannot find a
feasible edge containing query keywords to add to vs. Therefore, R goes directly to

the destination d and generates a candidate route R={s,vs,d).

6.5.2 Inferior Sub-route Identification

After generating h candidate routes C, the next step is to refine these h candidate
routes until reaching the response time limit 7". Each time, a candidate route R is
randomly selected from C. The goal of inferior sub-route identification is to find a

sub-route of R for enhancement.

o o 7
% o "7
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[ O =" O
e:: ---1""0 ©_°
< 5 © Cost
° o) O
A, o ©)

Figure 6.9: The distribution of all sub-routes of R

Figure 6.9 illustrates the distribution of all the sub-routes of R with respect to
their costs and A7(R) values, where A7(R) value of sub-route R, ; is computed as

below.

AT(R) =7(R) — (R — Ry ;) (6.19)

where 7(R — R; ;) computes the route score after removing sub-route R;; from R.
Obviously, A7(R) quantifies the change of route score after removing the sub-route

R; ;.

AT(R)
AR 5)°

Since it is difficult to bound the value of we compute the corresponding
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angle 6(R; ;) in Figure 6.9 by

A
0(R; ;) = arcsin ’

NRo) (6.20)

Angle 0(R, ;) quantifies the ratio between A7(R) and the cost of sub-route R, ;.
According to Eq. (6.20), we have §(R; ;) € (—90°,90°) since A(R; ;) is always positive
while A7(R) could be both positive and negative.

Intuitively, to increase the score of candidate route R, we need to replace those
sub-routes whose costs are large while A7(R) values are small, i.e., sub-routes with

small 6. To this end, we devise two methods as below.

A. Ranking-based inferior sub-route identification

Ranking-based identification orders all sub-routes according to the 6 value. First,
the sub-route with the minimum @ value is selected. If we can replace this sub-route
with a better one, this sub-route is identified. Otherwise, the second sub-route is
checked. ranking-based identification repeats this operation until one sub-route is
identified. For example, In Figure 6.9, ranking-based inferior sub-route identification
will first select the sub-route corresponding to the black point A; since it has the

smallest angle 6.

B. Threshold-based inferior sub-route identification
In threshold-based inferior identification, we set a threshold ¢ for § and compute the

longest sub-route R; ; of R such that

R, = MR, 6.21
goang,  max ¢( ) (6.21)

In Figure 6.9, assuming that the threshold is the dashed line, threshold-based
sub-route identification will select the sub-route corresponding to the grey point A,

since it locates below the threshold line and has the largest cost. During the query
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processing, we first set ¢=—80° and increase it by 10° gradually until a sub-route is

identified.

6.5.3 Route Enhancement

After identifying the inferior sub-route R;; of candidate route R, we need to find a
new sub-route to replace R; ; such that the new candidate route is better than R. Ac-
tually, any route between v; and v; such that its cost is less than B'=B—(A(R)—A(R;;))
can be used to replace R; ;. However, it is computationally prohibitive to evaluate
all these routes to select the optimal one to replace R; ;.

Intuitively, adding those edges containing query keywords to an existing candidate
route is of high probability to increase the route score. Therefore, given sub-route
R, ; of candidate route R, we compute a candidate route set C’ by evaluating all the

positive edges in Fj,.

Figure 6.10: Route enhancement in TBS.

For each edge ey e, according to Figure 6.10, the new candidate route gener-

ated by replacing sub-route R; ; with respect to edge ey  is
Rnew = Rs,i @ SRz,f ® €fyg @ SRg,j ® Rj,d (622)

where R, ; is the sub-route (from s to v;) of R, R; 4 is the sub-route (from v; to d) of
R, SR; ; is the shortest route from vertex v; to vertex vy, and SR, ; is the shortest
route from vertex v, to vertex v;.

The algorithm for computing the candidate route set C’ is presented in Algo-

rithm 6.4 which receives as input a candidate route R with its sub-route R;;, and
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the positive edges E,. Initially, an empty route set C’ is created to store potential
candidate routes (line 1). In each iteration, one edge from £, that is not in R is
evaluated (line 2), and a new route R, is computed (line 3). The new route Ry,
may contain duplicate edges since the two shortest routes, SR;; and SR, ;, may
contain edges in sub-routes R,; and R;4. After removing duplicate edges (line 4),
Ryew 1s added to the candidate route set C' if N Rye)<B and 7(Ryew)>7(R)(lines
5-6). By evaluating all the edges in E,, algorithm generates a set of candidate routes

C’' whose scores are larger than R (line 7).

Algorithm 6.4 Enhance_route(R, R, ;, E,)

Input: Candidate route R and its sub-route R, ;, and positive edges F|

Output: A set of new candidate route C’
:C—y > Store the candidate routes
2: for ey, € B, — Ep do
3: Rpew «— Rs; ®SR; @ es gD SRy ; @ Rjq

4 remove duplicate edges of R,y

5 if A\(Rpew) < B and 7(Ryew) > 7(R) then
6: add Re, to C’

7: return C’

With the generated candidate routes C’, we have two methods to update the

original candidate route R.

A. Score-aware enhancement

In score-aware enhancement, the optimal route in C’ is selected to replace R in C.

B. Randomness-aware enhancement

Since score-aware enhancement only considers the optimal route in C’, it is of high
probability to get the local optimum. Therefore, we introduce randomness-aware
enhancement in which one candidate route is randomly selected from C’ to replace
the original candidate route R. Though randomness-aware enhancement needs more
time than score-aware enhancement to converge, it will gradually improve the quality
of the current optimal route since only those routes better than the current optimal

route are selected as candidate routes.
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6.6 Error-Bounded Solution

In some cases, users would like to sacrifice the quality of query answer to reduce pro-
cessing time as long as the worst case is under control, i.e., the approximation error
of the query answer is bounded. Given an approximate route R, the corresponding

approximate error € is computed as below.
€= —F——F— (6.23)

where R* is the optimal route. Obviously, we have € € [0, 1].

Formally, an error-bounded solution (EBS) returns approximate query results
such that the given approximation error threshold is guaranteed. In the exact so-
lution, we can relax the upper bound score based on the approximation error € to

search an approximate route rather than the optimal one, i.e., the following lemma.

Lemma 6.5 (Relaxed score pruning). Given partial route R and the current optimal
route R, if (1 —¢€) - 77 (R)<T(RY), R can be pruned while guaranteeing that the

approximation error is at most €.

Proof. For each candidate route R'eCr generated by expanding partial route R, we
have 7(R')< 7t(R). With the assumption that (1 —¢) - 7H(R)<7(R}), we have
(I —¢)-7(R)<T(R}). Assuming that the optimal route is R*, R* will be pruned if
and only if there exists a route R¥ such that (1 —¢) - 7(R*)<7(R}). Accordingly, we
have 7(R*) — e - 7(R*) < 7(R}), i.e., %ﬁgﬁ)<e. Therefore, the approximation
error for route R} is at most e. [

Therefore, we can adapt the exact solution to an error-bounded solution by using
the relaxed score pruning. In addition, we also employ the time-bounded solution
to improve the efficiency of EBS. In Algorithm 6.3, we call a time-bounded solution

with a time limit 7" after Line 4. By doing this, we can obtain a good route efficiently,
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thus improving the score pruning. The setting of time limit 7" will be discussed in
the experiments and we call this revised EBS as EBS-T.

Though EBS can further reduce the number of iterations in Algorithm 6.3 by
using a tighter score bound, it still requires a high time cost to compute the final
query results if the error ratio is small and the cost budget is large, which will be

evaluated in the experiments.

6.7 Experiments

6.7.1 Setups

We evaluate the performance of proposed solutions over three datasets, i.e., the road
networks of New York (NY), California (CA) and United Kingdom (UK), where NY
dataset is the default one. All datasets are extracted from OpenStreetMap (OSM)*
and their details are summarized in Table 6.4. The text descriptions of edges are
extracted from the text descriptions of those POIls residing on them. Distance is
used as the travel cost in the experiments.

The settings of those parameters in the experiments are listed in Table 6.5, where
the default values are highlighted in bold. Particularly, the cost budget of each
query is specified by a deviation ratio p = 0 from the shortest route, i.e., B=(1+pu) -
A(SR;,q). We randomly generate 50 queries for each setting and compute the average
value of the corresponding results for plotting. All algorithms were implemented in
Java and run on a PC equipped with Intel(R) Core(TM) i3-2100 CPU @3.10GHz, 8
GB RAM.

! https://www.openstreetmap.org
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Table 6.4: Datasets for evaluating BCIR query

Dataset #vertices #edges average #keywords
New York (NY) 6, 393 13, 885 4.25
California (CA) 90, 870 202, 250 2.46
United Kingdom (UK) 338, 838 738, 610 2.65

Table 6.5: Parameter setting in BCIR query

Parameter = Meaning Value

114l the number of query keywords 1,2,3,4,5

ASRs.q) the shortest distance (km) from s to 4, 6, 8, 10, 12, 14, 16, 18, 20
d

m the deviation ratio 0.05, 0.10, 0.15, 0.20, 0.25

h thetnumber of initialized candidate 1, 3,5,9, 11, 13, 15, 17, 19
routes

6.7.2 Experimental Results
A. BCIR query vs. KOR query

In order to compare KOR query [8] and BCIR query, we need to adapt KOR query.
The cost budget is the same for KOR query and BCIR query. For each edge e; j€F,
we set the objective score in KOR query as OS(@LJ-):%, where |IC; ;| and ¢; ; are
the number of keywords and cost of e; ;, respectively. Then, the adapted KOR query
computes the optimal route such 1) it covers the given query keywords, 2) its cost is
less than the cost budget, and 3) it has the maximum objective score. Differently,
BCIR query is targeted at computing the optimal route within the cost budget such
that it is most textually relevant to the query keywords. Figure 6.11(a) shows the
scores (i.e., textual relevance) of the routes returned by KOR query and BCIR query.
The route scores of KOR query are much smaller than that of BCIR query. Therefore,
existing routing applications using keyword coverage query cannot effectively find the
optimal route that is most textually relevant to the query keywords. In addition,
Figure 6.11(b) presents the number of edges in returned routes for two queries.

With the increase of shortest distance, both queries return routes with more edges.

However, there is no obvious difference between the sizes of edges for two queries.
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Figure 6.11: The route score and number of edges while varying the shortest distance
A(SRsq) between two query locations in BCIR query and KOR query, where cost
budget B=(1+ 0.15) - A\(SRs4)

B. Exact Solution

Pruning effectiveness: The exact solution exploits cost pruning and score pruning
to reduce the search space. Figure 6.12 shows the response time and the number of
iterations in Algorithm 6.1 while using no pruning (Exact-N), cost pruning (Exact-
C) and cost-score pruning (Exact-CS), where Exact-N does not involve any pruning
techniques, Exact-C employs the cost pruning, and Exact-CS leverages both cost
pruning and score pruning. Note that, we set the upper bound running times of
Exact-N and Exact-C to 200 seconds since the real running times are much longer
than 200 seconds when the cost budget is large. As suggested by Figure 6.12, the
cost pruning reduces iterations by several orders of magnitude and the score pruning
can further reduce the number of iterations by around one order of magnitude. After
applying both cost and score pruning methods, the number of iterations is greatly
reduced, thus making the algorithm efficient for BCIR queries of small cost budgets.
In addition, Figure 6.12 indicates that when the shortest distance between two query
locations is less than 15 km, the exact solution can return the query results within

seconds.
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Figure 6.12: The results while varying the shortest distance A\(SRs4), where cost
budget B = (1 +0.15) - A(SRs.4)

Varying deviation ratio p: Figure 6.13(a) illustrates the response time of exact
solution while varying the cost deviation ratio u, where the cost of the shortest
route is A(SR;4)=10 km. With the increase of u, the response time of Exact-C
increases rapidly. In contrast, if both cost pruning and score pruning are used, i.e.,

Exact-CS,the increase rate is moderate.

Varying the number of query keywords |KC,|: Figure 6.13(b) illustrates the
results while varying the number of query keywords. With the increase of the number
of query keywords, the response time of Exact-CS gradually increases since it needs
more time to compute the upper bound score. Differently, the response time of
Exact-C keeps almost the same because it only utilizes cost pruning and does not
need to compute upper bound score, thus less dependent on the number of query

keywords.

Scalability test: We also evaluate the performance of exact solution on two large
datasets, i.e., CA and UK datasets. As illustrated in Figure 6.14, exact solution
still performs well when the road network have hundreds of thousands of vertices.
In fact, the response time on these two datasets is smaller than that on NY dataset

because the query locations are randomly selected and they could be out of city on
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Figure 6.13: The results while varying the deviation ratio g and number of query
keywords

the two large datasets. In general, the density of road network out of city is sparse,
thus reducing the number of candidate routes for in BCIR query. In sum, according
to Figures 6.12(a) and 6.14, exact solution can process BCIR query within several

seconds when the cost budget is less than 15 km.
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Figure 6.14: The response time while varying the shortest distance A(SR;4) on CA
and UK datasets

C. Time-Bounded Solution

Method combination comparison: Time-bounded solution (cf. Section 6.5) has

three components and each component has two methods, thus 8 combinations in

99



total. For ease of presentation, we record these combinations as X-Y-Z where X rep-
resents routes initialization method, including random route sampling (R) and adapt-
ed NN heuristics route sampling (N); Y represents inferior sub-route identification
method, including ranking-based identification (R) and threshold-based identifica-
tion (T); and Z represents enhancement method, including score-aware enhancement
(S) and randomness-aware enhancement (R). For example, R-R-S indicates that ran-
dom route sampling, ranking-based identification and score-aware enhancement are
used. Figure 6.15 presents the approximation error (defined in Eq.(6.23)) of returned
routes using different combinations. According to Figure 6.15(a), we set the number
of initialized candidate routes h=11. Since combination R-T-S performs the best
among all the combinations, we only report the results of R-T-S in subsequent plots.
In addition, Figure 6.16 illustrates the distribution of response time for all combi-
nations. Obviously, random route sampling consumes less time than adapted NN

heuristics route sampling.
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Figure 6.15: The results of different combinations while varying the number of ini-
tialized candidate routes h and the response time limit, where A(SR, 4) =15 (km).

GRASP vs. TBS: To demonstrate the performance of time-bounded solution, we
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adapted the GRASP [76] solution for arc orienteering problem (AOP) to our BCIR
query. Similar to TBS, GRASP also gradually refines the current optimal route by
generating new candidate routes. However, GRASP generates candidate routes by
searching the whole road network and needs to pre-compute the shortest routes for
all pairs of vertices. Since it is inapplicable to pre-compute all pair shortest routes
for large-scale road networks, we utilize CH index to compute the shortest route
between two locations for GRASP online. Figure 6.17 illustrates the results of R-
T-S and GRSAP with two large shortest distances, 15 km and 20 km. According
to Figure 6.17, R-T-S greatly outperforms GRASP algorithm. The performance of
GRASP algorithm is not satisfying because it needs to search the whole road network
in each iteration and cannot iterate enough times to improve the quality of query

results.

Varying p and |K,|: Figure 6.18 presents the results while varying the deviation
ratio ¢ and the number of query keywords |IC,|. With the increase of u, the ap-
proximation error first increases because the search space increases. However, the
approximation error then decreases when p is larger than 0.15 because the increase
of the optimal route score slows down. Differently, with the increase of |IC,|, the

approximation error always decreases. According to Figure 6.18, R-T-S outperforms
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Figure 6.18: The results while varying the deviation ratio p and the number of query
keywords |K,|, where cost budget B = (1 + 0.15)«15 (km).

D. Error-Bounded Solution

Figure 6.19(a) illustrates the response time while varying the time limit 7" of time-

bounded solution in EBS-T. According to Figure 6.19(a), the response time reduces

most when setting 7'=0.2 second. Figure 6.19(b) presents the approximation error of

EBS and EBS-T (7'=0.2 second) while varying the approximation error threshold e.

With the increase of €, the approximation errors of both solutions increase. However,
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the increase ratio of EBS-T is much smaller than that of EBS. In addition, we also
evaluate the performance of EBS and EBS-T while varying the deviation ratio p and
the number of query keywords. As suggested by Figure 6.20, the response time will

increase with the increase of 1 and |KC,| and EBS-T performs better than EBS.
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Figure 6.19: The response time while varying time limit 7" and the approximation
error while varying the approximation error threshold e, where cost budget B=(1 +

0.15)%15 (km)
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Figure 6.20: The response time while varying the deviation ratio g and the number
of query keywords |/C,|, where € = 0.5 and cost budget B=(1 + 0.15)+15 (km)
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6.8 Summary

In this chapter, we propose the BCIR query to retrieve the route that is most tex-
tually relevant to the user-specified query keywords within a travel cost budget. To
efficiently process BCIR queries, we propose an exact solution with effective prun-
ing techniques and two approximate solutions regarding the response time and the
quality of query results, respectively. As demonstrated via extensive experiments,
the proposed solutions achieve satisfying performance over different datasets. BCIR
provides a new style of route query that can be applied in different applications
ranging from route planning to location-aware recommendation. The future exten-
sions of BCIR query may include 1) searching the top-k optimal routes rather than
the optimal one, 2) finding a BCIR route that allows duplicate vertices or edges, 3)
removing the query location constraints and retrieving the optimal route over the

whole road network.
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Chapter 7

Probabilistic Time-constrained
Route Query

7.1 Introduction

With the increasing popularity of GPS-enabled mobile devices, computing a route
over road networks to pass required service providers becomes a fundamental oper-
ation in many location-based applications and location-aware recommendation sys-
tems [100]. Figure 7.1 illustrates a small road network on which edges and ver-
tices represent road segments and intersection points of road segments, respectively.
In addition, a set of POIs, 0 ~ o0g, such as restaurants, banks and supermarkets
(represented by white circles) reside on road segments and provide certain services
described by keywords (k;). A typical route query is to find routes between given
start location and destination that pass through a number of user-specified POIs on
the road network with some criteria (e.g., small travel distance or time). Assuming
that v, is the current location of a user who has a destination of v5, one example of
route query is: “Give me a driving route from vy to vs that sequentially passes a bank
offering exchange (ki, ko) service and a supermarket (kg) with the minimum travel
time”.

While many existing studies [8, 51, 73, 95] on route query assume that the traffic
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Figure 7.1: An example of uncertain road network, where circles are POIs with
keyword descriptions. The length and travel time of each edge are labeled beside.
For example, the length of edge e; 2=(v1,v2) is 4 and the travel time is 4 minutes in
a probability of 0.8 and 5 minutes in a probability of 0.2. In addition, an example
of PTR query is g=(vy4,v5, 12:00, {(k1, ko : 30min), (ke : 20min)}, 1,0.5) which finds
the optimal routes from v4 to vs to cover keywords “ky, ks” and “kg” sequentially.
on road networks is deterministic. However, this is not the real scenario. In practice,
vehicle speeds collected on roads are uncertain and imprecise since different vehicles
may have various possible speeds on the same road. Although there exist some
studies on route query on uncertain road network [41, 65, 43, 14, 94], they only
compute probabilistic routes with the optimal travel time between two locations and
do not consider retrieving routes to cover POls.

In addition, it is often necessary to consider the time constraints, i.e., the service
time, of POIs. For example, in Figure 7.1, one may want to find a route from vy to
vs, and drop by a bank (k1) for some exchange (k2) on the route. Starting from vy,
we consider two routes Ry=(vy, 09, v1, v3, v5) and Ro=(vs4, 05, v5) that cover oy and
05, respectively. We assume that the departure time is 12:00 and the business hours
of 0y and o5 are {9:00-13:00, 14:00-18:00} and {8:00-12:00, 13:00-17:00}, respectively.
Without considering the service time constraints of banks, o5 is better than oy since

Ry is much shorter than R;. However, one will find that o5 is closed (the earliest

arrival time is 12:02 which will be discussed in Example 7.4) if s/he chooses Ry. In
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this case, bank o0 is the better choice. Therefore, it is important to consider the
service time constraints of POIs for route query.

Inspired by the practical requirements of route query over road network above, we
model road network as uncertain road network (URN) over which the travel time of
each edge is captured by a set of travel time samples. Moreover, based on uncertain
road network, we propose the probabilistic time-constrained route (PTR) query to
find the best routes that sequentially pass through a number of POIs containing
user-specified query keywords (e.g., types of services provided by POlIs), satisfy the
service time constraints of POIs, and have small travel times with high confidence.

PTR query is particularly useful in location-based services. When touring a city,
a tourist may be unfamiliar with the service hours of POIs (the exhaustive manual
checking is boring) and the traffic condition there. In this case, PTR query can help
the tourist find the routes that satisfy both keyword and service time constraints of
POIs, and have the optimal travel times with high confidence.

However, efficient answering of PTR queries is rather challenging. Actually, as
it will be discussed in Section 7.2.3, PTR query is an NP-hard problem. In order
to tackle the PTR problem, we design effective pruning strategies to filter out false
alarms and obtain a small set of candidate routes. After that, a refinement step based

on sampling is conducted over the candidate routes to get the final query results.

7.2 Problem Statement

7.2.1 Data Models

A. Uncertain road network

Uncertain road network model captures the inherent uncertainty of the travel times

over road network and is formally defined as below.
Definition 7.1. (Uncertain Road Network, URN) An uncertain road network is
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denoted by G=(V(G), E(G)), where

e V(G) is a set of vertices and each vertex v; € V(G) represents an intersection

of roads or a road terminal,

o E(G) is a set of directed edges e, j (i.e., the road segment from vertezx v; to vertex
v;j ) with length |e; ;|, each associated with a random variable t(e; ;) representing

the uncertain times for vehicles to travel from v; to v,

where the distribution t(e; ;) is captured by T discrete random samples collected on

edge e€; ;.

Example 7.1. Figure 7.1 illustrates an example of uncertain road network with 5
vertices and 7 edges. The length and travel time of each edge are marked beside. In
particular, the travel time of edge ey is 4 minutes with a probability of 0.8 and 5
minutes with a probability of 0.2, which means 80% of the T travel time samples are
4 minutes while 20% are 5 minutes. For simplicity, in this example, only three edges

are uncertain and the others are assumed to be deterministic.

In this work, we assume that edges e; ; and e;; have the same travel time, i.e.,
t(e;;)=t(ej;). Nonetheless, our proposed approaches can be also applied to roads
with asymmetric travel time. In addition, the travel time samples for adjacent edges
are collected independently in the same time period as discussed in Section 7.3.6.
Thus, in some ways, the correlation between adjacent edges has been implicitly
considered with respect to the temporal relationship.

Obviously, the travel time t(e;;) on edge e;; is bounded by [t~ (e;;),t" (e )],
where t7(e; j)=mingeg(e, ;) t and t¥(e; j)=maxeq(e, ;) t. Given a route R=(vy, va, ...,

vy), its travel time over uncertain road network G is

t(R) = t(emqu). (71)



The minimum and maximum travel times of R are

and
-1
t(R) = ZH (€iit1), (7.3)
i=1
respectively.

B. Possible Worlds of URNSs

Possible world [1] semantics is widely used in probabilistic databases, where each
possible world is a materialized instance of the database that can appear in the real
world. Similarly, the possible worlds of an uncertain road network G are defined

below.

Definition 7.2. (Possible Worlds of G) A possible world, w(G), of uncertain road
network G is a deterministic graph on which the random variable t(e; ;) of each edge

e;j takes a certain value x(e; ;) and its appearance probability, Pr{w(G)} is:
Priw(@)} =Pr{  /\  tle,) =x(eiy) ¢ - (7.4)
VeiijE(g)
The set of all the possible worlds of G is recorded as W(G).

In Definition 7.2, the appearance probability of possible world, Pr{w(G)}, is
the joint probability that each variable t(e; ;) takes value z(e; ;). Considering the

assumption that random variables t(e; ;) are independent, we have

Priw@)} =[] Pritley) = (e} (7.5)

Vei,]'GE(g)
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Therefore, the number of possible worlds of G is exponential with respect to the
number of edges in G, i.e., [],, pltlei;)| (= TIEl in the worst case), where [t(e; ;)|

is the number of distinct values in t(e; ;).

Example 7.2. Table 7.1 presents 8 possible worlds, wi(G)~ws(G), of the uncer-
tain road network in Figure 7.1. For example, possible world wy(G) takes t(e12)=4,
te14)=4, and t(es5)=3 (the travel times of other edges are deterministic and we can

regard that the collected samples have the same value). From Figure 7.1, we have

Pr{w,(G)} = Pr{tle12) =4} x Pr{t(e14) =4} x Pr{t(ess) = 3}

0.8 x 0.3 x0.6

0.144.

Table 7.1: Possible worlds of the uncertain road network in Figure 7.1

possible world the travel time of edges Pr(w;) R}UZ
w1<g) t(€1 2) 4, t(61 4) 4, t(63 5) 3 0.144 Ry
( ) t(el 2) 4, t(el 4) 4, t(€375)=6 0.096 Ry
’wg(g) t(el 2):4, t(el 4):6, t(6375):3 0.336 Rl
w4(g) t(61 2) 4, t(61 4) 6, t(€3’5):6 0.224 R2
w5(g) t(61 2) 5, t(61 4) 4, t(63’5):3 0.036 Rl
’we(g) t(el 2) 5, t(el 4) 4, t(63’5):6 0.024 R2
w7(g) t(el 2) 5, t(el 4) 6, t(€3’5):3 0.084 Rl
ws(G) t(e1,2)=b, t(e1.4)=6, t(e35)=6 0.056 Ro

C. Service Time Constrained POI

On an uncertain road network G, there exist many service time constrained POls

that represent all kinds of service providers such as banks and hotels.

Definition 7.3 (Service Time Constrained Points of Interest). Each service time

constrained POI is in the form of o=(l, e, IC, I), where
e [ is the spatial location of o;
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e 0.e=(v;,v;) is the edge on which o resides or the nearest edge to o, and the dis-

tances from o to vertices v; and v; are dist(o.l,v;) and dist(o.l,v;), respectively;

e K is a set of keywords describing the properties of o or the services provided by

o; and

e [ is a set of time intervals {Iy, I, ... } in which o is valid for providing

services.
The whole collection of POIs is denoted by O.

In Definition 7.3, the time interval set [={Iy, I5,...} specifies the service time
constraints of POI o on a 24-hour cycle. For simplicity, in this chapter, we use POIs

and time constrained POls interchangeably when the context is clear.

Example 7.3. Table 7.2 lists the details of the six POls, o1~o0g, in Figure 7.1.
For example, POI o0y is on edge os.e=ey 4, dist(0y,v1)=1.5, contains 2 keywords
00 KC={k1,ka}, and is associated with two time intervals oy.1={9:00-13:00, 14:00-

18:00%, i.e., the valid time intervals of services.

Table 7.2: The time constrained POIs in Figure 7.1

POIs o0.e dist(o,v;) 0.K oI

01 6172 d’iSt(Ol, ’U1)=3 0 {k4, ]{5} {11200-13:00, 1700-2100}
09 €14 dist(o9,v1)=1.5 {k1, ka} {09:00-13:00, 14:00-18:00}
03 €25 dist(o3,v2)=1.0 {k1} {09:00-11:00, 13:00-16:00}
04 ess dist(o4,v3)=1.0 {ke, k7} {08:00-20:00}

05 e4p dist(os,v4)=1.0 {k1, ko} {08:00-12:00, 13:00-17:00}
06 €45 dist(OG, U4)=2 0 {kg, ke, k‘7} {08:00—21:00}

7.2.2 Probabilistic Time-constrained Route Query

A probabilistic time-constrained route (PTR) query is denoted by ¢=(s, d, ts, K,

h, T), where s and d are the start location and destination, respectively; ¢, is the
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departure time; ¢.K specifies the query keywords along with the staying times at
the corresponding POIs containing the query keywords; h is an integer parameter
w.r.t. the number of the returned routes; and 7 € (0, 1] is a probability threshold to
ensure that the returned routes have the minimum travel time in high confidence.
Particularly, we have

q.K = {{Kq t), ..., Ky, ty)} (7.6)
where IC; and t; (i = 1,...,1) are the query keywords and expected staying time for
the i-th POI, respectively.

For simplicity, we use R(s,d)=(s,04,, . - -, 0s,, d) to represent any route from start
location s to destination d that sequentially covers ¢ required POIs with the v sets
of query keywords, i.e., K;Zo,,.JC. All these routes are recorded as R(s,d). We then
have the definition of PTR query.

Definition 7.4 (Probabilistic Time-constrained Route (PTR) Query). Given an
uncertain road network G, the objective of a PTR query q is to retrieve a subset,
R (s,d), of routes from R(s,d), i.e.,

R"(s,d) = {R|R € R(s,d) A Pry{R} =7} (7.7)

where

Pri{R} = > Priw@)} (7.8)

Yuw(G),RERY (s,d)

and R (s, d) are the top-h optimal routes in possible world w(G) such that for VR €
Riy(s,d)

Ki Cop Kyi=1,2,...,0 (7.9)
[a(0s,), aloz,) + ti] S 04, (7.10)
VYR e R(s,d)\R" (s,d), tw(R) < t,(R) (7.11)

where t,,(R) is the travel time of route R in possible world w(G).
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In Definition 7.4, Pry,{R} is the probability that route R is among the top-h
optimal routes in all possible worlds. Therefore, PTR query retrieves those routes,
R"(s,d), that are the top-h time-constrained routes in all possible worlds W(G) with
a probability not less than threshold 7. In other words, the returned PTR routes
satisfy keyword/time constraints on POIs, and have the top-h smallest travel times

in high confidence.

Example 7.4. Figure 7.1 shows an example of PTR query q, where s=vy, d=uvs,
ts=12:00, ¢.K={"k1, k", 30min), (“k¢”,20min)}, h=1, and 7=0.5. Since there are
two POIs (09 and o5) containing query keywords ki, ks” and two POls (o4 and og)
containing query keyword “kg”, we have four candidate routes, i.e., Ry =(vy4, 09, 04, Vs),
Ry=(vy, 09, 06,v5), R3=(v4, 05, 04, V5), and Ry=(vy, 05, 0, v5). Starting from s=vy, the

arrival time at os 1s

dist(o5,v4)

1.0
1200 + teqs) - =12:00+8- —= =12:02

|€4,5|

which is out of the time intervals of o5 (05.1={08:00-12:00, 13:00-17:00}). Therefore,
both routes Rs and Ry cannot satisfy the service time constraints of o5 and should be
pruned.

Considering route Ry in possible world w1(G), the arrival time at POI oq is

—dt -1
lea,1| — dist(og,v1) _ 19: 00+ 4.- 3—-15

12: 00 + teqq) - =12:02

|€4,1|

which is within the time interval of o (09.1={9:00-13:00, 14:00-18:00}). After s-
taying at oy for 30 minutes, the arrival time at o4 is 12:39 which satisfies the time
constraint of o4 (04.1={8:00-20:00}). Finally, we have t(Ry)=11 in possible world
wi(G). Similarly, we have t(Ry)=12 in wi(G). Therefore, the top-1 time-constrained
route in possible world wi(G) is R}, (s,d) = {Ry}.
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The top-1 time-constrained routes, RL (s, d), in other possible worlds can be com-
puted in the same way and the corresponding results are listed in Table 7.1. Then,

we have

Pri{R;} = 0.144 + 0.336 + 0.036 + 0.084 = 0.6 > T

and

Pri{Rs} = 0.096 + 0.224 + 0.024 + 0.056 = 0.4 < T

where 7=0.5. Therefore, Ry is the query result.

7.2.3 Problem Hardness

PTR query seeks to find a subset of routes R"(s,d)=R(s,d) such that these routes
are among the top-h optimal routes in high confidence. Without loss of generality, we
consider a special case of PTR query in which A=1 and the appearance probabilities
of all possible worlds are equal.

First, we define the decision problem of PTR query as below.

Definition 7.5 (Decision-PTR). A Decision-PTR problem determines whether there
exist k routes in R(s,d) such that these k routes contain the top-1 route in at least

x possible worlds.
Then, we have the following theorem.
Theorem 7.1. Decision-PTR problem is NP-hard.

Proof. We can prove that Decision-PTR problem is NP-hard by a reduction from
partial covering problem [33] which has set-cover problem as one of its special cases.
Given the global set U={ej,es, - ,e,} and a set of subsets S={Uy,Us, - ,U,}
where U;CU, a partial covering problem decides whether there exist k subsets S'cS

covering at lest x elements of U.
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In Decision-PTR problem, we assume that R(s,d)={R1, R, , R,} and W(G)=
{wy,wq, -+ ,wy,}. Now we convert a partial covering instance to an instance of the
Decision-PTR problem. We regard each subset U;eS as a route R; and each element
e;€U as a possible world w;. If e;eU;, we have the travel time of route R; in possible
world wj, t, (R;)=1, otherwise t,, (R;)=+00. Thus, we can find k subsets 5" from
S to cover at least x elements of U if and only if we can find k£ routes that are the
top-1 optimal route in at least x possible worlds, which is proved from the following

two aspects.

e Assume that we have found & subsets S’ from S such that S’ covers at least x
elements of U. Therefore, in each of the corresponding x possible worlds, the
corresponding k routes must contain the top-1 optimal route considering that
tw,(R;)=1 if e;eU;, otherwise t,, (R;)=+0o0. Thus, we have at least = possible

worlds of W(G) in which the corresponding k routes have the top-1 route.

e Assume that we find k routes such that they contain the top-1 route in at least
x possible worlds. In each of these possible worlds, we must have that the
corresponding element is covered by the corresponding k subsets since we can
always find a route with travel time of 1, i.e., the top-1 route. Thus, there are

at least = elements are covered.

Now we can conclude that PTR-Decision problem is NP-hard. O]

One straightforward method is to enumerate all possible worlds W(G), obtain
R (s, d) under each possible world w(G), and aggregate all the obtained results to
generate the PTR query result. However, this method is rather inefficient due to
the exponential number of possible worlds that are computationally expensive to
materialize. Therefore, in this work, we propose to process PTR query in a two-

phase fashion. First, we design effective pruning strategies to filter out false alarms
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without enumerating all possible worlds and produce a small set of candidate routes.
Second, a refinement step based on Monte Carlo theory [66] is conducted to compute

the final result.

7.3 Solution
7.3.1 Solution Overview

Figure 7.2 illustrates the flow chart of our proposed solution. In a nutshell, the

solution covers the following three tasks:

e Generating the route search space according to the PTR query, POIs and

uncertain road network (URN),

e Designing efficient pruning strategies to filter out infeasible routes to obtain a

small set of candidate routes, and

e Conducting a refinement step to refine the candidate routes and get the final

results,

where the first two tasks belong to the first phase while the third task belongs to the
second phase.

The details of these tasks are elaborated in the following sections. In section 7.3.2,
we first build indices for POIs and road network, respectively, to accelerate query
processing. Section 7.3.3 discusses the generation of search space. In section 7.3.4,
the details of three pruning strategies are presented. Section 7.3.5 describes how to
compute candidate routes with the proposed pruning strategies and how to refine
the obtained candidate routes to generate the final results as well. In addition, we
also discuss about the updates of travel time samples in uncertain road network in

Section 7.3.6.
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Figure 7.2: The flow chart of the proposed solution.

7.3.2 Indexing POIs and Road Networks

In order to efficiently retrieve those POIs that satisfy the query keywords during the
PTR query answering, we utilize an inverted index [104] to index keywords as well
as the relevant POIs. We denote Inv(k) as the set of POIs containing keyword £,
with cardinality |Inv(k)|. Given a set of query keywords KC;={ki, ..., k;}, the set
Inv(ky) n---nInv(k;) contains POIs that have all query keywords in K;. Note that,
to further improve the query efficiency of accessing query keywords, we also index
keyword entries in the inverted index with a Bt-tree, where the keys in the BT -tree
are unique values transformed from keywords.

In addition, in order to efficiently compute the shortest route between two POls,
we index the road networks with Contraction Hierarchy(CH) [36] which has been
discussed in Section 3.2.3. Note that, CH index is adopted because we only consider
the shortest distance route between each pair of POIs and the objective of PTR query

is to find a sequence of required POIs with the least travel time in high confidence.
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7.3.3 Generating Search Space

Given a PTR query ¢=(s, d, ts, KC, h, 7), those relevant POIs are first retrieved
with respect to the query keywords ¢.KC. For query keywords K,e (i=1,...,v), all
the POIs containing IC; are computed by using the inverted index as discussed in
Section 7.3.2. If no ambiguity, we record those POIs containing all keywords in K;
as Inv(KC;) and use |Inv(K;)| to represent its cardinality. Then we have the total
number of combinations [, [Inv(K;)| which increases exponentially with respect
to the number of required POIs. Therefore, to enumerate all these combinations will
be time-consuming. Our objective is to greatly reduce the size of these combinations

with novel pruning strategies as detailed in Section 7.3.4.

7.3.4 Pruning Mechanisms

In this section, we will design effective pruning methods to reduce the PTR search
space, which can produce a small set of candidate routes for further refinement.
Concretely, we first present time constraint pruning (T-pruning) to prune those
routes that violate the time constraints of POIs. Then, probabilistic pruning (P-
pruning) is proposed to enable the pruning by utilizing the probability threshold 7.
Furthermore, since only top-h time-constrained routes are requested under possible
worlds, we also propose the travel time pruning (T?-pruning) that directly filters

out false alarms that cannot be top-h time constrained routes.
A. Time Constraint Pruning

As illustrated in Figure 7.3, R(s,d) represents any route that sequentially passes
POIS 04, 0y, - -+, 0z, Where o, (1=1,...,%) represents any POI containing query
keywords K;. Thus, if R(s, d) does not satisfy the time constraints, o,,./, of some POI
04, in any possible world, R(s,d) cannot be a PTR answer (i.e., Prp{R(s,d)}=0),

and thus should be pruned.
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Figure 7.3: The arrival times at different POIs along route R(s,d).

Specifically, let a(o,,) be the arrival time at the i-th POI o,,, we have:

a(oy,) =ts + t(R(s,0.,)) + i t (7.12)

Jj=1

where R(s,0,,) is the sub-route of R(s,d) from s to o,,, t(R(s,0,,)) is the travel time
of R(s,0,,) and t; (j=1,...,i— 1) is the staying time at o,,. Due to the uncertainty
of t(R(s,04,)), a(os,) is uncertain and falls into the time interval [a™(o,,),a™ (0,)],
where a™ (0,,) and a™ (0,,) are the earliest and latest arrival times at o,,, respectively.
Then, we denote the constrained arrival time, a.(o,,), as the set of possible arrival

times within the service time of o,,, i.e.,
a.(0y,) = {z|r e aloy,) A [z, 2+ t;] S 04,1} (7.13)

Intuitively, constrained arrival time a.(o0,,) computes arrival times such that they and
their staying times are within the time intervals of o,,. Assuming that the interval

of a.(0y,) is [a; (0s,),at (0s,;)], we have
[ac (0z,), ac (0z,)] < [a™ (0,),a" (04,)] (7.14)
Then, we have the following lemma about T-Pruning;:

Lemma 7.1. (Time Constraint Pruning, T-Pruning) Given an uncertain road
network G and a PTR query q, if route R(s,d) passes some POI o,,(1 <i <) in G,
and |a.(oz,)|=0, then R(s,d) can be safely pruned.
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Proof. According to the lemma assumption that |a.(o.,)|=0, R(s,d) cannot be a-
mong the top-h time-constrained routes R (s, d) under any possible world w(G) due
to the violation of POI time constraints. Thus, the PTR probability, Pr,{R(s,d)}
is equal to 0, which is smaller than the nonzero probability threshold 7. Therefore,

R(s,d) cannot be a PTR query answer and can be pruned. [

Note that, both arrival and departure times at POIs o,, must fall into some
single time interval of o,,./ so that the staying time ¢; can be satisfied without an
interruption.

To conduct T-pruning, we need to compute a.(o,,) efficiently. With Eqs. (7.12)
and (7.13), the arrival time and constrained arrival time at each POI can be computed
iteratively as follows.

a(oy.) = ts + t(s,0z,), i=1 (7.15)
o ac(0y,_ ) +tic1 +t(og,_,,04,), 1>1 '

where t(z,y) is the travel time of the shortest route from x to y. Finally, the arrival

time at destination d is
a(d) = a.(0s,) +ty +t(os,,d) (7.16)

In general, however, it is not trivial to enumerate all values of a(o,,) and a.(o,,)
due to their numerous instances. Instead, to avoid costly computations, we compute
lower /upper bounds for a(o,,) and a.(o,,).

To obtain lower /upper bounds, a™ (o,,) and a*(o,,), of the arrival time a(o,,) for
POI o,,, we aim to obtain lower/upper bounds of t(o,, ,,0,,). Denote the bounds
of travel time t(z,y) as [t~ (x,y),t"(x,y)]. Initially, for the sub-route from s to
04, on route R(s,d), we have a™ (0, )=ts + t(s,0,,) and a™ (0, )=ts + t7(s, 04, ).

Accordingly, the constrained arrival time interval at o,, is computed by

[ag(0$1)7 CL: (Orl)] = [a’i (01’1>7 aJr(OIl )] a 0171‘]/7 (717)
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where o,,.1" is computed by subtracting ¢; from the upper value of each sub-interval
of 0., .1 so that the required staying time ¢; can be satisfied. For example, if 0, .]={8-
12, 13-16} and t;=1, we have o,,.I'={8-11, 13-15}.

Similarly, for the i-th POI o,, on route R(s,d) (2 < i < 1)), we have:

lag (0,),al (02,)] = [a” (0x,),a" (02,)] N 0,1 (7.18)
where

a (0361) = CLC_ (0331'71) + tifl +t (Ol‘i717 0361')? (719)

at(0s,) = af(0s_,)+tic1 + (044, 04,)- (7.20)

With the bounds of constrained arrival times at POIs, route R(s,d) should be

pruned if there exists some POI o,, such that
a.(0,,) = [a (0,),a" (04,)] N0y, . I' = & (7.21)

In this case, we have |a.(o0,,)

=0. Thus, with T-pruning, those routes that violate

the time constraints of POIs can be pruned to reduce the search space.
B. Probabilistic Pruning

The basic idea of probabilistic pruning is as follows. Intuitively, if an upper bound
of the PTR probability, Prp{R(s,d)} for route R(s,d) is smaller than the specified

probability threshold 7, then R(s,d) can be pruned.

Lemma 7.2. (Probabilistic Pruning, P-Pruning) Denote the upper bound of the
PTR probability, Prp{R(s,d)}, as Pr;i{R(s,d)}. If Prj{R(s,d)}<7 holds, then

R(s,d) can be safely pruned.

Proof. This lemma can be easily pruned by the inequality transition of Pr,{R(s,d)}<
Pri{R(s,d)} and Pri{R(s,d)} <. O
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Now, the task turns out to be the derivation of a probability upper bound,
Pri{R(s,d)}. According to the definition of the PTR query, a PTR route should
satisfy the time constraints of POIs and have the top-h smallest travel times with a
probability above 7. Therefore, for route R(s,d), we need to consider two factors,
i.e., the time constraints of POIs and ranking probability (having the top-h smallest
travel time). Note that, for route R(s,d), satisfying the time constraints of POIs
is the precondition of considering its ranking probability. Therefore, we will first
use the constraint-based probability upper bound of R(s,d) to prune this route. If
R(s, d) survives, its ranking probability will be further considered to compute another

rank-based probability upper bound to prune this route.

(a) Constraint-based probability upper bound

According to Eq. (7.12), the arrival time at each POI o,,, a(o,,), is a set of discrete
values within [a™ (o), a*(0s,)]. In general, we have [a_ (0s,), af(0z,)] S [a™(04,),
a*(og,)], i.e., only a subset of values in a(o,,) satisfy the time constraints of o,,. We

assume that F(o,,) is the event that R(s, d) satisfies the time constraints of o,,, i.e.,
Pr{E(o,,)} = Pria, (0s,) < a(0,) < a (04,)} (7.22)

Hence, we have the constraint-based probability, Pr.{R(s,d)}, i.e., the probability

that R(s,d) satisfies the time constraints at all ¢ POls, as below.
(4
Pr{R(s,d)} = Pr { A E(omi)} : (7.23)
i=1
If Pr{R(s,d)} = 7, we call R(s,d) an effective route. Then, we have the following
lemma.
Lemma 7.3. Given a sub-route R(s,o0,,) of route R(s,d), we have:
PrR(s,d)} < PrfR(s,0z,)}

< min Pr{a; (0,,) < a(os,) < a; (0s,)} (7.24)

Jj=1,...2
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Proof. we have

Pr{R(s,05)} = Pr { AN E(ox].)} . (7.25)

j=1
Given i < %, Pr{ v E(ox].)} < Pr { AL E(o,, )} holds because A", E(o,,)

has more events (i.e., more constraints) than /\;‘.:1 E(o;). Therefore, by combining

Egs. (7.23) and (7.25), we have Pr.{R(s,d)} < Pr.{P(s,o,)}. Furthermore, we

have:
PrR(s,d)} < PrJR(s,o.)}
= Pr{/\ E(oq,)}
j=1
= Pr{/\ a, (05,) < alo,) < al(og)}
j=1
< min Prio (o) <alo) <af(o)) (720
Hence, Lemma 7.3 holds. ]

Lemma 7.3 indicates that a longer route has a lower constraint-based probability

and an upper bound of the PTR probability Pr,{R(s,d)} can be computed by

min Pr{a, (o,,) < a(o,,) < af (o)} (7.27)

Jj=1,...1

To compute this upper bound, we need to calculate Pr{a; (0.,)<a(o.,)<a;(0s,)}
for POI o,,. A straightforward method is to compute the probability distribution
of a(o,,), and aggregate these samples that are within [a_ (0.,), af (0,,)] to obtain
the constraint-based probability. However, this will incur a very high computation
cost due to the exponential number of possible instances. Instead of computing
a(o,,) directly, we compute an upper bound for Pr{a; (o,,)<a(o.,)<af (0.,;)} without
computing the actual probability distribution.
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We denote the cumulative distribution function (CDF) of t(R(s,0s,)) as
Fr(z) = Pr{t(R(s,o0s,)) < z} (7.28)

whose lower and upper bounds are accordingly assumed to be Fy(z) and Fj(z),

respectively. Then, we have:
Pria (04,) < a(og,) < a7 (0,)} < F(b) = Fiz (a) (7.29)

where a=a; (0,,) —ts — Sy, b=a} (0g;) —ts — J~'t;, and t; is the staying time
at POI 0. Eq. (7.29) can be proved by the following derivation:
j-1

Pria; (0.,) < a(os,) < af(0x,)} = Pr{a<a(o,)—ts— Z t < b}
=1

= Pria <t(R(s,0.;)) < b}

< Fi(b) - Fia) (7.30)

Next, we discuss how to compute the bounds of Fr(z), i.e., Fg () and F (z). As-
sume that the CDF of t(e) is F.(x)=Pr{t(e) < z}. Generally, F.(z) can be computed
easily, since the distribution of t(e) is known to be represented by samples. How-
ever, Fg(z) is difficult to compute due to the unknown distribution of t(R(s, o,)).
Therefore, our basic idea is to generate bounds of Fr(z) based on F.(z) instead of
the detailed distribution of t(R(s,0,,)). To this end, we set a certain threshold for
t(e) (e € R(s,04,)) according to z and t(e) such that the sum of these thresholds is
less than z. Further, these thresholds are used to compute the corresponding F,(z)
and Fg(z) as discussed below.

We assume R(s,o0,,)=e; — es--- — ¢; and specify each e € R(s,0,,) a threshold:

(t(e) —t7(e) - (= = Njoa (&)

tale) =t (e) + ;

Zj:1<t+<ej) —t7(ej))

(7.31)

Then, we have the following lemma to compute bounds of Fg(z):
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Lemma 7.4. Given ta(e;) (j=1,...,1) in Eq. (7.31), we have three cases:
e Case I: ]fZ;zl t=(ej) > z, we have Fr(z) = 0.
e Case 2: ]fZ;Zl t*(ej) < z, we have Fr(z) = 1.

e Cuase 3: If 2321 t=(e;) <z < X' t*(e;), we have

=1

Foltale) < Fr(2) < 1-[[ (= Fyltale))  (7:32)

l
Jj=1 J

Proof. According to the definition of t(R), we have

Z t~(e;) < t(R) < Z t*(e;), (7.33)

thus, both Cases 1 and 2 hold. As for Case 3, we first prove the lower bound of

FRr(z) as follows.

Fr(z) = Pr{t(s,o,) < z} (7.34)
— Z Prit(el) =y1 A - Atle) =y}
> S Prtle) =y A Atle) = u)

Y1+ +y<zay;<ta(e;)

According to the definition of ta(e;), if y; < ta(e;) holds for i = 1,... 1, we have
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22:1 x; < 22:1 ta(e;) and further:

i=1 i=1 22:1(15+ (ej) —t7(e5))
oy s B S0 T ) - )
p 21t (e) —t(e)))

Therefore, inequality 22:1 x;<z always holds when y;<ta(e;)(1 < i < 1). Moreover,
according to Eq. (7.34), we have:
Fr(z) = Z Pr{t(e;) =y1 A - Atle) =y}
Y1ty <z Ay <ta(e;))
= Pr{t(e;) <ta(er) n--- A Pr(tle) <tale)}
I

= [[Prit(e)) <tale)) =[] £ (tale;))

j=1

the left hand side of Eq. (11) holds.

To prove the right hand side of Eq. (11), we need to prove that 1 — Fgr(z) =

Hi:l(l - Fei(tﬂ(ei»)? i'e'a

Pr{6(R(s,0,)) = 2} = [ [(1 = Fu(ta(e0). (7.35)

()
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Similarly, we have

Prit(s,0,,) = 2z} = Z Prit(er) =y1 A - Atle) =y}

yrt-tyi=z

\%

2 Prit(e;) =y A - A t(e) =y}

Y1+t yi=z Ay =taes)

= Pr{t(er) =taler),...,Pr(t(e) =tale)}
= 1_[ eZ tA €i ))

and the right hand side of Eq. (11) also holds. ]

From Lemma 7.4, we obtain bounds for Fg(z), i.e., in Cases 1 and 2, we have

Fp(2)=F3(2)=0 (or 1); in Case 3, we have
!
2 (2) = [ [ Fe.(ta(e:) (7.36)
i=1
and

1= = F,(tale)) (7.37)

=1

<.

Further, since it holds that Pr{a < t(R(s,o,)) < b} = Fr(b) — Fgr(a), we can

compute bounds for Pr{a < t(R(s,o0,,)) < b}, i.e.,

Pr{a < t(R(s,0s,)) < b} = Fp (b) — Fji (a) (7.38)
and

Pr{a < t(R(s,0,,)) < b} < Fi(b) — F(a) (7.39)

Then, with Eq. (7.29), route R(s, d) can be pruned if there exists a sub-route (s, 0, )

(j=1,...,4) such that F (b) — Fg(a) < 7.

(b) Rank-based probability upper bound
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The constraint-based upper bound only considers the time constraints of POlIs.
In this subsection, we will derive a rank-based probability upper bound for filtering
out false alarms further.

Assume that we have obtained a set of effective routes (as discussed in Sec-
tion 7.3.4), U={Ry,--- , R,}, sorted by ¢t~ (-) where Pr.{R;}>7(1<i<n). We record
Ui={Ry, -, R;}(i < n). For route R;, if there are at least h routes in U;_; having
travel time less than R;, then R; has a rank larger than h. However, a strict ranking
among these routes cannot be implemented because the travel time of each route is
a random variable bounded by an interval. Our idea is to compute the probability
that there are at least h routes in U;_; having travel time less than R;, i.e.,

oo Pr{/\tR R)}-Pri /\ ¢ R)} (7.40)

AQU171A|A‘>I’L ReA ReU,;_ 1\A

Generally, it is not trivial to enumerate all such subsets to compute the exact

probability. Hence, we only consider the first h routes and have the following lemma.

Lemma 7.5. Given a set of constraint-based routes U={Ry,--- , R,} sorted by t=(.),
for route Ri(i > h), if 1 — [ pey, LB-Fr(t™(R;))<T7, then routes in U\U;—1 can be

pruned.

Proof. First, we have

o pPr{Atr R} Pri /\ t( R))} =Pr{ At(R)

ACU;_1n|A|zh  ReA ReU;— 1\A ReUy,

> | [Prit(R) < t(R)}

Re Uh

> [ [Prit(R) <t~ (R)}

Re Uh

H Fr(t™(R))

ReUy,

\Y
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Therefore, we further have

Pri{R;} <1-— H Fr (™ (R:)) (7.41)

Re Uh

If 1—[]gep, Fir (7 (R:))<7, by the inequality transition, we have Pry{R;} < 7, thus

R; can be safely pruned. Meanwhile, for each route Ry in U\U; = {R;41,- -+, Ry},

we have
PrifR} <1— [[ Fat (R))<1— ] Frt (R)) <~ (7.42)
ReUy, ReUp,
Therefore, U\U; 1 can be pruned if 1 — [ [ Fr (7 (1)) < 7. O

Thus, a candidate route that cannot be pruned by the constraint-based probabil-
ity upper bound might be filtered out by using this rank-based bound. In addition,

a sub-route can also be pruned by using this bound as described below.

Lemma 7.6. Given a set of constrained routes U={Ry, ..., R,} sorted by t(-) and
a sub-route R(s,0.,;), R(s,0z,) can be pruned if

1— [] Frt (R(s.0.,)) < T (7.43)

ReUy,

Proof. A complete route generated from R(s,o,,) has a larger ¢~ (-) value than that

of R(s,0,,), which reduces its corresponding PTR probability, hence the proof. [

Thus, 1 — [[gey, Fr(t7(R)) can be used as the rank-based probability upper

bound to prune candidate routes.

(c) Discussion on two probability upper bounds
During the query processing, both constraint-based and rank-based upper bounds
of the PTR probability are employed to prune routes. The constraint-based probabil-

ity upper bound can prune those routes that have constraint-based probabilities less
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than 7, which mainly considers the keyword/time constraints of POIs. For the rank-
based probability upper bound, it requires that there exist h candidate routes whose
constraint-based probabilities are above 7. Thus, we can also use it to prune those
candidate routes whose PTR probabilities less than 7. Therefore, the rank-based
probability works as a complement to the constraint-based one to collaboratively

reduce the number of candidate routes.
C. Travel Time Pruning

According to the definition of the PTR query, we aim to compute the probabilities
that routes are among the top-h time-constrained routes which satisfy both keyword
and time constraints and have the top-h smallest travel times. With this observation,
we further proposed the travel time pruning, denoted as T2-Pruning. The basic
idea of T2-Pruning is to use a travel time threshold to directly prune those routes
with larger travel times than A constraint-based routes we have seen so far without
computing probability upper bounds. Concretely, we have the T2-Pruning in the

following lemma.

Lemma 7.7. (Travel Time Pruning, T?-Pruning) Assume that we have obtained h
effective routes which satisfy time constraints at POIs on these routes with probability
above T. Let p be the largest travel time upper bound among these h routes. Then,
a route R(s,d) can be pruned if its lower bound of travel time, t~(R(s,d)), is larger

than p.

Proof. From the lemma assumption, if ¢t~ (R(s,d)) > p holds, R(s,d) has larger travel
time than at least h routes in all possible worlds (since we have obtained h routes
that satisfy keyword/time constraints at POIs). Hence, route R(s,d) cannot be a

top-h time-constrained route and should be pruned. ]

We consider two cases of obtaining h effective routes used in Lemma 7.7. First,
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for R(s,d), if the arrival time at every POI on R(s,d) is within the corresponding

service time, i.e.,

[a, (0z,), a; (0z,)] = [a” (0z,), 0" (0z,)] (7.44)
then route R(s,d) is an effective route. The second case is that, there exist some
POIs o,, on R(s,d) whose time intervals do not fully cover the whole arrival time,
ie.,

[a; (0z,), a; (0z,)] # [a” (0z,),a" (0z,)] (7.45)
In this case, our rationale is to derive an lower bound, Pr_ {R(s,d)}, for the prob-

ability Pr.{R(s,d)}. If this lower bound is above threshold 7, then route R(s,d) is

an effective route. According to the definition of Pr.{R(s,d)}, we have

¥
Pr{R(s,d) > Pre{R(s,0.,)} - [ [ Pre{R(0s,_,. 02,)}

1=2

V

P
Pro{R(s, 0r,)} - HPTZ{R(Oxi,I, Ox;)}-

Pr {R(s,d)} (7.46)

where Pr_ {R(z,y)} is a lower bound for Pr.{R(z, y)}.

Now the goal turns out to compute the lower bounds of Pr.{R(s, o, )} and
Pr{R(oy, ,,0z)} (2 < i <1). Obviously, if there exists a travel time interval for
t(R(x,y)) in which R(z,y) always satisfies the keyword/time constraints of POls,
we can compute a lower bound for the probability that the travel time t(z,y) falls
into this interval by using Eq. (7.38). Based on the constrained arrival time at o,, ,

and o,,, the constraint-based interval of t(R(o., ,,04,)), i.e.,

[t; (R(02; 1, 04,)), e (R(02; 5 02:))] (7.47)

131



can be computed by solving the following inequalities:

7(R(O$i—17 Ol’z)) ST t+<R(Oi—17OCL‘i))>
(02, ,) +x +tim1 < af (o) (7.48)

H0g;, 1) +x +tic1 < al(og).
Then, with Eq. (7.38), we can calculate a lower bound of Pr.{R(ox,_,,0,,,)} below:

PTC{R(Oi—lﬂ Ozz)} = Pr{tci(R(OZifw sz)) < t(R(OIwOZiH)) < tj(R(Oi—la OZ))}

> F(t(R(0i1,04))) = F* (6 (R(0s,_,,0,,))):

Pr_ {R(0;_1,04,)}. (7.49)

With Pr_{R(s,0s,)} and Pr_ {R(0, ,,0s,)}, we can compute the lower bound of
the constraint-based probability in Eq. (7.46). If this constraint-based probability is
above 7, then we can use R(s,d) as an effective route to filter out other false alarms

as described in Lemma 7.7.

7.3.5 Query Processing Algorithm

To efficiently answer PTR queries, we first generate a small set of candidate routes
by utilizing the designed pruning strategies. After that, a refinement step based on

sampling is conducted to compute the final query results.
A. Candidate Route Generation

We propose an expansion-based heuristic algorithm which has the similar flavor to
A* algorithm. We expand from POI by POI and the shortest route between two POIs
is computed by using the CH index. During the expansion, T-pruning, P-pruning
and T?-pruning are employed together to prune infeasible routes.

The PTR query processing algorithm is elaborated in Algorithm 7.1 which ac-
cepts as input a PTR query ¢ and produces as output a small set of candidate routes

C'. Initially, three priority queues C', ) and U are created to store candidate routes,

132



Algorithm 7.1 Generate Candidate Routes

Input: a PTR query q=(s,d,ts,IC, h,T)
Output Candidate routes set C
Initialize C', @, U «<—new priorityQueue()
p— +0
R «— {s)
Q.enqueue(R,t.u(R))
while () is not empty do

R «— @.dequeue()

if t.(R) = p then

Break
i —POICount(R)

10: Ocurr <—currPOI(R)
11: if ¢ = 1) then

12: Rpew — R® R(Ocurry d)

13: if t7(Ryew) < p then

14: C.add(Ryew, t (Ruew))

15: if Pro{Rcw} = 7 then

16: U.add(Rpew, t (Ruew))

17: P-Pruning(C')

18: update(p)

19: else

20: Ryew < P.expand()

21: if not (¢~ (Rpew) = p and T-Pruning(R,.,,) and P-Pruning(R,..,)) then
22: Q.enqueue( Ry e, test(Rnew))
23: update R

24: Q.enqueue(R, t.u(R))

25: return C'

expanded routes which have covered partial POIs, and constraint-based routes, re-
spectively (line 1). All these routes are sorted by the lower bound of travel time. In
addition, p records the travel time threshold of the current top-h constraint-based
routes (line 2).

First, the route containing the start location s is added to @ (lines 3-4) and its
weight is an estimated value of the travel time, ¢.i(R). Assume that the current
POI of R i8S 0y (initially, 0cy-=$) and the next POI (if exists) is 0,e.¢. Meanwhile,
FEuc(x,y) is the Euclidean distance between x and y, and vel™(G) is the maximum

velocity over the whole road network. Then, we compute ¢.4(R) as below:
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e Case 1: R has covered all required POls.

Euc(ocurr, d)

test(R) =t (R 7.50
(R) = () + 0 (7.50)
e Case 2: R only covers partial POlIs.
E Ty YNex E 'I'LCCC)d
bes(R) = 1 (R) + 2cAOeures Oneet) & EuclOnere, ) (7.51)

vel™(G)

In each loop, while @ is not empty (line 5), the route R with the minimum t.4(R) is
dequeued from @ (line 6). If ., (R)=p (line 7), algorithm terminates, otherwise we

have two cases as described below:

e Case 1: R has covered all the required POIs (line 11). In this case, we expand
from R to compute the shortest route to d and generate a complete route, R,
from s to d. If R,., survives from T?-pruning, it is returned as a candidate
route (line 14). Additionally, if Pr.{Rpcw}>T, Ruew is added to U (line 16);

each route in C' is checked by P-pruning (line 17); and p is updated (line 18).

e Case 2: R only covers partial POIs (line 19). In this case, we expand from R
to cover the (i 4+ 1)-th POI, where i is the number of POIs that R has already
covered, and a new route, R, is generated. Then, three pruning methods
are employed. If R, survives, we add it to () with the estimated travel time.

Meanwhile, R is updated (the next POI, 0,,.,;) and inserted into @) again.

The loops terminate when the t.4(-) value of dequeued route is larger than p, or @

is empty. Finally, a set C' of candidate routes is returned.

B. Refinement

Generally, the number of returned candidate routes is small but some of them may
be not PTR answers. Hence, a refinement step is required to compute the real re-

sults. In order to efficiently obtain the final result, we use a sampling algorithm, as
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described in Algorithm 7.2, to estimate the probabilities of being among the top-h
time-constrained routes for candidate routes. Particularly, in line 4, function sam-
ple(G) samples the travel time of each edge according to its probability distribution.
Here, only the edges covered by the routes in U are sampled, since other edges of
G have no effect on the final result. According to the Monte Carlo theory [66], we
have:

Pr{|Pry(R) — Pr(R)| <n} >1—¢ (7.52)

where Pr(R)=N,/N is computed according to Algorithm 7.2, and both parameters
¢ and n are set to 0.1 by default [66] (line 2). Finally, those routes with Ny/N larger

than 7 are returned as the final query result.

Algorithm 7.2 Calculate Pr(R)
Input: ReC
Output: Pr(R)

1: NO —0

0 N < ACl-1n/e)

Z

3: for i — 1 to N do

4: w; < sample(G)
5: compute R (s, d) among U
6
7
8

if P e R (s,d) then
: No <« N0+1
: return Ny/N

7.3.6 Updates of URNSs

In order to capture the dynamic uncertainty of the travel times on roads over uncer-
tain road network G, we maintain a queue for each edge e; ;. The queue contains T’
samples, s, (to — T + 1 < r < 1), for the last T timestamps within [tg — T + 1, %],
where ? is the current timestamp. Each sample is represented by a triple (e; ;, s,,7),
where ¢; ; is an edge, s, is a possible travel time value on edge e;;, and r is the

timestamp that the sample is collected.
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In order to facilitate PTR query processing, we maintain some pre-computed
data for the URN G, including the minimum/maximum travel time, ¢~ (e; ;) and
t*(e;;), on each edge e; ;, and the minimum /maximum velocities, denoted as vel = (G)
and vel™(G), on the entire road network G. At a new timestamp (to + 1), a new
sample, 54,11y, of the travel time on edge e;; arrives and is added to the queue.
Meanwhile, the oldest one, s(,_741), is expired and removed from the queue, and

the pre-computed data is updated as below.

e Update ¢ (e;;) and t*(e;;): If the new sample sy,41) is within interval
[t~ (eij).t"(ei;)], we do not need to update the time interval. Otherwise, if
S(to+1) <t~ (€s;), we update t™(e; ;) with sq,11y; if Sge41)>t"(€;;), we update
t*(e;;) with s(,41). If the expired sample sq_741) € [t (e55), t*(ei )], we do
not need to update the time interval. If sy 7.1y equals to either t=(e;;) or
t*(e;;), we need to scan all the samples in the last 7" timestamps to re-calculate

the interval [t (e;;), t (e ;)]

e Update vel (G) and vel™(G): If the travel time interval [t~ (e;;), " (e;;)]
remains the same, we do not update vel™(G) and vel™(G). Otherwise, if the
minimum travel time ¢~ (e; ;) has changed, we have the new maximum ve-

locity on edge e;;, i.e., vel, (e ;)=|(ei |/t (e;;), and update vel*(G) with

new

velt, (e ;) when wvelt, (e;;)>vel*(G), or re-compute vel*(G) when the old

new

maximum velocity vel™(e; ;)=vel*(G) and vel™ (e; ;)>velt,, (e; ;). If the maxi-

mum travel time t*(e; ;) has changed, we have the new minimum velocity on

edge e, ;, i.e., vel, ., (e.;)=|ei;|/t" (ei;), and update vel (G) with vel.,, (e; ;)

new new

when vel,,, (e; j)<vel™(G) or re-compute vel™ (G) when the old minimum ve-

locity vel™(e; ;)=vel™(G) and vel™(e; ;) <vel,,,(ei;)-
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7.4 Experiments

7.4.1 Setups

In this section, we conduct extensive experiments on three real datasets (i.e., Califor-
nia, Beijing and London) to evaluate the performance of proposed solution. Specifi-
cally, California dataset (including road network and POlIs) is from Real Datasets for
Spatial Databases'; Beijing dataset has road network from OpenStreetMap® (OSM)
and POIs from Datatang®; London dataset extracts both road network and POIs
from OSM. The statistical information of three datasets, including index construc-
tion time and index size for both Inverted Index (Inv) and Contraction Hierarchy

(CH), is detailed in Table 7.3.

Table 7.3: Datasets for evaluating PTR query

Attributes California Beijing London
number of vertices 21,048 46,029 209,045
number of edges 21,693 62,778 282,267
number of POIs 104,470 252,125 34,341
Index size (Inv) (MB) 0.5 1.2 0.3
Index construction time (Inv) (sec) 0.11 0.595 0.043
Index size (CH) (MB) 44 152 341
Index construction time (CH) (sec) 2.2 28.7 47.9

Table 7.4: Parameter setting in PTR query

Parameters Values

lg.K| 1,2,3,4,5

h 1,3,5,7,9

T 0.1, 0.3, 0.5, 0.7, 0.9

Keywords of POIs: The POIs of California have 62 categories and that of Beijing
have 533 categories. In the experiments, each category is regarded as the keyword

description of POls, i.e., 0;./C, in this category. Each POI in London is associated

! http://www.cs.utah.edu/ lifeifei/SpatialDataset.htm
2 http://www.openstreetmap.org

3 http://www.datatang.com/
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with a set of keywords, extracted from OSM, to describe its properties and services.
Time intervals of POIs: We define three time interval patterns, i.e., {7:00-
12:00,13:00-17:00} (such as banks), {8:00-22:00} (such as restaurants), and {0:00-
24:00} (such as 24-hour stores). Then, one of the three patterns is selected for each
POI. After that, to increase the diversity of the time intervals of POIs, for each POI,
we generate sub-intervals of the selected time interval pattern such that they have
an overlap of more than 70%. For example, assuming that a time interval in the
pattern is [a, b], we randomly generate a sub-interval [z, y| within [a, b] such that
= 0.7,
Travel time of roads: For each road, we first randomly select a speed sub-interval
within [20km/h, 80km/h] which is the driving speed interval for most cities. Then,
a set, V, of T'(=50) speed samples is randomly generated within the sub-interval
according to Uniform distribution and Truncated Gaussian distribution,
respectively. In addition, we also extract Real speed samples from the GPS trajec-
tories of over 10,000 taxis in Beijing dataset. Then, with the length of each road e,
each sample of t(e) is obtained by L}i‘ (veV). Note that, truncated gaussian distribu-
tion is used as the default distribution.
Queries: For each dataset, we evaluate 50 PTR queries whose start location and
destination are generated randomly within the road network area and their departure
times are randomly selected between 6:00 and 22:00. Additionally, the query key-
words are also randomly selected from the corresponding vocabulary of each dataset.
The staying time at each POI is randomly selected between 600 and 1,200 seconds.
Table 7.4 illustrates experimental settings, where the default values of parameters
are highlighted in bold font. All experiments are run on a PC with a 3.1GHz Intel
processor and a 8GB RAM.

4 If there are no enough samples for some roads, we add the average values of existing samples to
ensure T samples.
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7.4.2 Experimental Results

Pruning power vs. datasets: Figure 7.4 illustrates the relationship of candidate
route sets after applying pruning strategies, i.e., T-pruning (T), P-pruning (P),
and T?-pruning (T?). We can see that T-pruning results in a superset of candidate
sets from the other two pruning strategies. Moreover, the intersection of two candi-
date route sets by applying P-pruning and T?-pruning is our final candidate set that
needs further refinement. Figure 7.5 illustrates the performance of three pruning
strategies over three datasets with Gaussian vehicle speeds (the case of datasets with
Uniform vehicle speeds is similar and thus omitted). As presented, a considerable
portion of infeasible routes are pruned when only T-pruning is employed. Further,
compared with T-pruning, the number of candidate routes after T+P pruning is
greatly reduced. Finally, we can get a small set of candidate routes with all the three
pruning strategies, i.e., T+P+T? pruning. Furthermore, we can see from Figure 7.5
that the number of final candidate routes (after all pruning) on each dataset has
almost the same scale as that of final results (obtained after the verification step

given in Algorithm 7.2), which confirms the effectiveness of our pruning strategies.

No Pruning

Candidate routes

Figure 7.4: The relationship between three pruning methods

Method comparison: We compare the performance of our solution with that of
the solution by enumerating all possible worlds [1] (EPW for short). As illustrated

in Figure 7.6, the response time of EPW is much larger than that of our solution
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Figure 7.5: Pruning ability test on different datasets

on all three datasets. Actually, when the number of query keywords increases, it is

computationally prohibitive to process the PTR query with EPW solution. On the

contrary, our solution can always compute the PTR query efficiently.

Response time (ms)

10°{ mmm EPW

104<
102 ]
100_

I Our Solution

1)

California

Beijing London
Datasets

Figure 7.6: The response time comparison between EPW and our solution

Performance vs. the number of keyword sets |K|: Figure 7.7 illustrates the

experimental results while varying the number of query keyword sets, i.e., |K|, on

different datasets with Gaussian, Uniform, and Real distribution of the travel time

on each edge. With the increase of |K|, the response time increases since more routes

should be evaluated. Nonetheless, with |KC| less than 4 (the general case in reality),

we can efficiently get the final results within around one second. With the increase

of |K|, the number of candidate routes increases exponentially without applying any

pruning methods. After using the proposed pruning strategies, however, the number
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Figure 7.7: The results while varying the number of keyword sets |¢.K|

of candidate routes slightly increases, and remains small. For example, the number
of candidate routes without pruning is in the scale of millions when |K|=3, and
the number of candidate routes after T-+P+T? pruning is only in the scale of tens.
Meanwhile, with Uniform distribution of t(e), there are more candidate routes than
that of truncated Gaussian distribution, which accordingly takes higher response
time. This is because Gaussian distribution concentrates around the mean value,
which makes the P-pruning more effective. The real distribution takes even more
time and generates more candidate routes because its speed span is larger than that
of other two distribution.

Performance vs. parameter h: Figure 7.8 presents the response time and the
number of candidate routes by varying h, where other parameters are set to their
default values. We can see that the number of candidate routes has a smooth increase,
since larger h means more routes need to be retrieved and checked. This further

incurs an increase in the query response time for large h, as shown in Figure 7.8.
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Figure 7.8: The results while varying parameter h

Performance vs. probability threshold 7: Figure 7.9 reports the experimental
results with different probability thresholds from 0.1 to 0.9. According to Figure 7.9,
the curves for response time are almost concave. The reason is as follows. On the one
hand, a small 7 covers more candidate routes but generates a good pruning threshold
p in Algorithm 7.1. On the other hand, a large 7 can prune more expanding routes
during the query processing but impedes the generation of the pruning threshold p.
Therefore, with a small 7 (e.g., 0.1), a large number of evaluated routes incurs a high
response time. With the increase of 7, the number of evaluated routes decreases,
which results in the decrease of the response time. However, when 7 becomes larger,
Algorithm 7.1 will postpone to terminate because the pruning threshold p is difficult
to generate (since fewer routes satisfy the constraint of the probability threshold 7).
Thus, the response time first decreases, and then increases again for large 7. With
the increase of 7, the number of candidate routes slightly decreases because fewer

complete routes satisfy the probabilistic requirement.
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Figure 7.9: The results while varying the probability threshold 7

7.5 Summary

In this work, we formalize the probabilistic time-constrained route (PTR) query,
which utilizes uncertain road network to describe the uncertainty of the travel time
over road network, and retrieves routes that satisfy both keyword and time con-
straints at POIs, and are in the set of top-h optimal routes with high probabilities.
PTR query is particularly useful for users who are touring a city and are unfamiliar
with the traffic condition and the service hours of POIs there. In order to efficient-
ly tackle the PTR query problem, we propose three effective pruning strategies to
filter out false alarms, and integrate them into an efficient PTR search algorith-
m. As demonstrated through extensive experiments, the proposed solution achieves

satisfying performance over different datasets.
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Chapter 8

Conclusions and Future Work

8.1 Conclusions

Conducting queries with both spatial and textual requirements has been an impor-
tant part for many location-aware applications. Existing studies on spatial keyword
query cannot well meet such demand since most of them are conducted based on
Euclidean distance and inapplicable in the context of road network. Motivated by
this, I focus on Spatial Keyword Query Processing over Road Networks
and study three types of queries, i.e., services locating, route planning, and route

planning over dynamic road networks.

e Services locating: For this type of query, we propose range spatial keyword
(RSK) query to search all the objects that are relevant to the query keywords
within a given spatial range. RSK can find many applications like searching
surrounding services and providing location-based recommendations. To pro-
cess RSK query, we first propose an expansion-based approach by using the
locality property of RSK query. Then, the expansion-based approach is im-
proved based on the observation that network distance is always larger than or
equal to the Euclidean distance between two locations. In addition, to increase
the scalability of RSK query, we design the Rnet Hierarchy index and devise an

efficient processing approach based on this index. As demonstrated by the ex-
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periments, Rnet Hierarchy-based approach can efficiently process RSK queries

of various query ranges over road networks of millions of vertices.

Route planning: For this type of query, we propose keyword coverage route
(KCR) query and bounded-cost informative route (BCIR) query. KCR query
searches the optimal route that covers the most number of query keywords
within a given distance threshold. BCIR query retrieves the optimal route
that is most textually relevant to the query keywords within a given cost bud-
get. KCR is designed to identify routes of many target objects for users to
explore while BCIR query is good at finding routes of specific topics and ex-
tracting specific travel routes for tourism promotion. To process KCR query,
we propose an adaptive route sampling framework and design both static and
dynamic route sampling techniques under this framework. Particularly, the dy-
namic route sampling can improve route sampling by learning knowledge from
the routes sampled previously, thus reducing the time of getting the routes
of high quality. The proposed route sampling framework can flexibly return
query results of different qualities according to the given response time limit,
thus providing a tradeoff between the query efficiency and the quality of query
results. For BCIR query, considering the high complexity of BCIR query and
its non-additive property, we design different solutions for different applications
scenarios. On the one hand, we design an exact solution with multiple pruning
methods for BCIR queries of small cost budgets. On the other hand, we design
a time-bounded solution and an error-bounded solution for BCIR queries of
large cost budgets, where time-bounded solution initializes a set of candidate
routes and keeps refining them until reaching the response time limit; error-
bounded solution is adapted from the exact solution by relaxing the pruning

requirement to improve the pruning efficiency and can greatly reduce the query
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processing time while guaranteeing the quality of query results. BCIR query
can be regarded as a generalization of the KCR query. However, BCIR aims
to maximize the textual relevance of a route rather than the number of query

keywords.

Route planning over dynamic road networks: For this type of query, we
propose probabilistic time-constrained route (PTR) query to search the routes
that pass a sequence of POIs and have the optimal travel time in high confidence
when considering the dynamic traffic over road networks and the service time
constraints at POIs. PTR query is particularly useful for users who are touring
a new city and are unfamiliar with the traffic condition and the service hours
of POIs there. To solve this query problem, we propose a two-phase solution.
First, multiple pruning methods are designed based on the time constraints at
POIs and the optimality of routes. With these pruning methods, a processing
algorithm is proposed to compute a small set of candidate routes. Second,
Monte Carlo sampling is used to refine the computed candidate routes to get
the final query results. As demonstrated by the experiments, the proposed
solution can efficiently solve the PTR query problem and performs better than

the existing uncertain route query techniques.

In sum, we aim to provide users an easy way to have a good knowledge of their

required services and the corresponding travel routes to these services. Specifically,

the range spatial keyword query provides users the information about the surrounding

environments; both keyword coverage route query and bounded-cost informative

route query retrieve interesting routes for users to explore; and the probabilistic time-

constrained route query is particularly useful for route planning when the dynamics

of road network and the time constraints of service providers need to be considered.
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8.2 Future Work

As discussed in Section 2, the research on spatial keyword query over road networks
is still limited. Except for the existing studies and the work in this topic, there
are still many spatial keyword queries over road networks remaining unsolved, e.g.,
similarity join query to retrieve all pairs of similar spatio-textual objects over road
networks, and why not query to uncover the reason why some expected objects are
not covered by query results. In addition, there are many other directions relevant

to spatio-textual data and road networks. Particularly, I listed a few as below.

e Spatio-Textual Data Extraction: Though there is already a large amount
of explicit spatio-textual data from different sources, more other spatio-textual
data is not so obvious. For example, many comments from social networks
do not have clear spatial locations which are hidden in the content. In this
case, we need to utilize text analysis techniques to uncover the underlying lo-
cation attributes. Therefore, studying how to extract spatio-textual data from
the Web will greatly increase the scale of spatio-textual data and accordingly

extend the applications of spatial keyword query.

e Dynamics in Spatial Keyword Query: Apart from moving spatial keyword
queries over road networks, almost all other existing queries are conducted
based on static data. However, the traffic over road network is dynamically
changing over time and the working times of service providers (a kind of spatio-
textual objects) along the roads are also time-dependent. Existing spatial
keyword queries based on static data cannot capture such dynamics. Therefore,
it is of high necessity to revisit all existing spatial keyword queries to make them

adapt to the dynamics in both traffic and objects.

e Advanced Map Construction: In addition to considering the cost such
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as distance and travel time when searching travel routes, users usually wish
that the returned routes also have some other properties, e.g., safe, quiet,
popular and emotionally pleasant. To retrieve such routes, it is important
to construct the corresponding map for each property. Since spatio-textual
objects, especially the geo-tagged comments and photos, contain abundant
information about these properties, it is promising to construct advanced maps
from spatio-textual objects by using machine learning and big data analytic
techniques. With these constructed maps, almost all existing route queries can

be redefined to provide more personalized route querying service.
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