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Abstract

Spatial data conflation plays a fundamental role in many aspects of modern Geographic
Information Systems (GIS) research and development such as geospatial data visualization,
incremental updating of cartographic databases and disaster evaluation. The primary aim of
conflation is to derive valuable information based on the comparison of multiple spatial data
sources of homogenous or heterogeneous nature. This thesis is devoted to the conflation of
two heterogeneous data sources - road network of a reference database and geo-referenced
images where the systematic errors have been corrected in advance.

Due to various reasons, the spatial datasets of the same object type over the same
geographic region reveal non-systematic misalignments or even different geometries;
moreover, the object in one dataset may have no partner in the other dataset. The essential
task involved in the conflation process is the correct identification of the inherent
correspondences of objects between the two data sources which may have different
cardinalities ranging from 1-1, 1-0, 1-n to n-m. We present a Congruent Hybrid Model (CHM)
to rectify the misalignments which could amount up to 200 meters when two datasets are
overlaid. Theoretically, the optimal correspondence can be obtained by minimizing the
matching cost between the centrelines of road features extracted from the image and the road
network from the reference database. In the CHM which is a line-based conflation model, we
also choose to optimize the matching cost at road intersections. The matched road network is
then snatched to their counterparts in the image.

The main contributions of the CHM model include: 1) a linear feature extraction approach
which consists of an Elastic Circular Mask (ECM) algorithm for feature extraction and a
Genetic Algorithm (GA)-based grouping approach for the extracted road candidates; 2) a
novel Sparse Matching Algorithm (SMA) approach which is especially useful to handle the
problem of multiple correspondences; and 3) a performance evaluation of two popular
transformation functions - the piecewise Rubber-Sheeting (RUBS) approach and the Thin
Plate Splines (TPS) approach.

Through extensive tests which characterize various patterns of the road network in
different scenarios, the CHM reveals its strength to deal with noise: redundancy can be
reduced by 90% in ECM; by chaining the centrelines into longer features, GA can remove
around 40% of the remaining redundancy in the results of ECM; SMA can handle the
matching datasets with a sparse ratio of up to 14. In feature extraction, the correctness is
improved around 34% from ECM to GA, and the completeness varies from 97%~193% in the
experiments because of the over-extraction of the road features. The SMA reaches an
effectiveness of at least 72.6% and a false ratio of at most 19.5% in our experiments, and the
invisibility ratio of the roads between 1.1%~50.1% has been considered in the experiments.

The conflation quality relies very much on the importance of the transformation function as
well, therefore, the author compares two popular transformation functions, which have slightly
different performance in the experiments. Both functions have the ability to transform the
feature to its counterpart properly. Therefore, the topology and geometry of the data sources
can be well preserved in the conflated results. A main difference between the two functions
lies in their behavior of handling context information: RUBS transforms the feature using the
neighbors in the triangulation tessellation, whereas TPS considers the global influence of all
the matched points in the test region. Another difference is caused by the ability to deal with
the noise. The transformed results from RUBS are closer to the ground truth if the matching



quality is high, whereas the results from TPS have better performance if there are inaccurate
matched points.

The experiments with synthesized data as well as the real spatial data have verified the
time efficiency of the SMA, which has a stable performance; whereas the required time of
ECM and GA is relatively sensitive to the amount of dataset. Comparing to the classical point-
based conflation model, CHM can generate better results, especially with regard to the
geometry, moreover, the inconsistency in both datasets can be also recognized and rectified
when the accurate correspondence is derived from SMA.

The snake-based approach can be used to post process the results of the CHM, for
instance, to rectify the remaining gentle misalignments. The CHM can be also directly
employed for geospatial visualization applications.
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Kurzfassung

Die Verschmelzung raumlicher Daten spielt eine wichtige Rolle in vielen Aspekten der
Forschung und Entwicklung moderner Geoinformationssysteme (GIS), wie Geodaten-
Visualisierung, inkrementelle  Aktualisierung  kartographischer  Datenbanken  und
Katastrophenevaluierung. Das primare Ziel der Verschmelzung ist die Ableitung wertvoller
Informationen aus mehreren homogenen oder heterogenen raumlichen Datenquellen, Diese
Arbeit ist der Verschmelzung von heterogenen Datenquellen aus StralRenvektoren und
georeferenzierten Bildern gewidmet, in denen systematische Fehler im Voraus Kkorrigiert
wurden.

Aus verschiedenen Griinden zeigen raumliche Datensatze des gleichen Objekttyps Uber
das gleiche geographische Gebiet einen Lageversatz bzw. nicht-systematische
Verschiebungen oder sogar eine unterschiedliche Geometrie, zudem kann das Objekt eines
Datensatzes keinen Partner in dem anderen Datensatz besitzen. Das Verschmelzungsmodell
hat die wesentliche Aufgabe zur richtigen Identifizierung der inhéarenten Korrespondenzen, die
diverse Kardinalitaten bspw. 1-1, 1-0, 1-n und n-m haben. Ein neuartiges Congruent Hybrid
Model (CHM) wurde entwickelt, um die Verschiebungen, die bei der Uberlagerung zweier
Datensatze bis zu 200 Meter betragen kdnnen, zu beheben. Theoretisch lasst sich eine
optimale Ubereinstimmung erzielen wenn der Matchingaufwand zwischen den aus Bildern
extrahierten Mittellinien und dem vorhandenen Stral3ennetz minimiert wird. Das CHM ist ein
linienbasiertes Verschmelzungsmodell. Sein Matchingaufwand wird jedoch anhand entdeckter
StralRenkreuzungen optimiert. Nach dem Matching werden die StralRensegmente zu ihren
jeweiligen Partnern im georeferenzierten Bild transformiert.

Das CHM verflugt tber drei Haupteigenschaften: 1) ein Linienextraktionsansatz, der aus
dem Elastic-Circular-Mask (ECM)-Algorithmus zur Extrahierung der Stralenelemente und
dem Genetic Algorithmus (GA)-basierten Ansatz zur Verkettung der auf einander folgenden
Strallenelemente besteht, 2) ein neuartiger Sparse Matching Algorithmus (SMA) zur Lésung
des Problems mit mehrdeutigen Korrespondenzen, und 3) ein Vergleich von zwei h&ufig
verwendeten Transformationsfunktionen - der schrittweise Rubber-Sheeting (RUBS) Ansatz
sowie der Thin-Plate-Splines (TPS) Ansatz.

In den umfangreichen Tests, die verschiedene Aspekte der StralRe in verschiedenen
Szenarien aufweisen, zeigt der CHM eine hervorragende Fahigkeit, dem Rauschen
entgegenzuwirken. Die Redundanz wird um 90% durch den ECM reduziert und die
Restredundanz wird um rund 40% durch den GA-Ansatz entfernt. Der SMA ist in der Lage,
zwei Datenséatze mit einer Sparse-Rate von bis zu 14 zueinander in Beziehung zu setzen. Bei
der Linienextraktion wird die Trefferquote vom ECM zum GA um rund 34% verbessert. Die
Vollstandigkeit variiert zwischen 97% ~ 193% in den Versuchen aufgrund der Uberextraktion
linienhafter Elemente. Der SMA erreicht in den Experimenten eine mindeste Effektivitat von
72,6% und eine hochste Fehlerrate von 19,5%, zudem wird in den Experimenten eine
Unsichtbarkeit-Rate der Stra3en von 1,1% ~ 50,1% in Betracht gezogen.

Die Qualitat der Verschmelzung stitzt sich zudem sehr stark auf die
Transformationsfunktion. Aus diesem Grunde vergleicht der Autor zwei populare
Transformationsfunktionen, die leicht unterschiedliche Leistungen in den Experimenten
erzielen. Beide Funktionen eignen sich die Objekte ihrer Korrespondenzen nach in geeigneter
Weise zu transformieren. Dafir werden Topologie und Geometrie des bisherigen
Stralennetzes in den Transformationsergebnissen erhalten. Ein Unterschied zwischen den
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beiden Funktionen liegt in der Basisfunktion selbst: RUBS transformiert das Objekt in der
Tesselation der Triangulation mithilfe seiner Nachbarn, wahrend TPS den globale Einfluss
aller Ubereinstimmenden Punkte in der Testregion berticksichtigt. Ein weiterer Unterschied ist
durch die Fahigkeit mit dem Rauschen umzugehen verursacht. Die transformierten
Ergebnisse vom RUBS sind bei der genaueren Matchingqualitat genauer, wahrend der TPS
eine bessere Leistung zeigt bei einer ungenauen Ubereinstimmung der Punkte.

Die Experimente mit synthetisierten Daten sowie mit den echten raumlichen Daten haben
die Zeiteffizienz des SMA, das eine stabile Leistungsfahigkeit besitzt, verifiziert, wéhrend die
erforderliche Zeit von ECM und GA relativ empfindlich auf die Datenmenge reagieren. Im
Vergleich zu den klassischen punktbasierten Verschmelzungsmodellen kann das CHM
bessere Ergebnisse erzeugen, insbesondere im Hinblick auf die Geometrie. Des Weiteren
werden die Inkonsistenzen in beiden Datenmengen erkannt und behoben, wenn die genaue
Korrespondenz aus dem SMA abgeleitet wird.

Der Snake-Modell basierte Ansatz ist eine Nachbearbeitungsansatz des vorgestellten
CHM, um die Ubrigbleibenden leichten Verschiebungen zu korrigieren. Das CHM kann zudem
direkt fur Geodatenvisualisierungsanwendungen eingesetzt werden, wenn das
Untersuchungsgebiet bestimmte spezifische Eigenschaften aufweist, die vom Modell
ausgegeben werden.
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Chapter 1

Introduction

1.1 Motivation

The rapid development of efficient and inexpensive geospatial data acquisition technigues
has led to an ever-growing number of geo-databases and vectorized geo-referenced raster
images. Various aspects of modern GIS research and development such as spatial database
updating, spatial data visualization and disaster evaluation, require an integration of geo-
databases and images. The homogenous integration of a road database (street map) and
Very High Resolution (VHR) image counts as a typical case characterized by the typical
problem of the misalignment between the homologous features in the road database and the
image, which may be induced up to 200 meters displacement (Chen et al., 2006). The feature
misalignments between two source datasets are caused by various factors such as different
resolutions or scales, inaccurate camera models, projection errors, different data acquisition
times and different data vendors (Xiong and Sperling, 2004). Moreover, the misalignments are
not systematic and therefore can not be corrected by a uniform transformation function. In this
thesis we regard the vector road database as reference spatial data and the image as target
spatial data. By features we mean the tangible geographic objects that have been digitized in
vector, however, the road segments mean the factual road objects in the road database. We
choose the term “conflation” rather than “integration” in this thesis following the previous
contributions (Chen et al., 2006; Song et al., 2009; Wu et al., 2007), which aim to improve the
feature accuracy through alignment. In Chapter 2 we discuss more definitions used in this
thesis.

When overlaying two inhomogeneous road datasets describing the same region, the
homologous road objects may reveal four different forms of offsets as illustrated in Fig.1-1
where the blue lines are manually generated ground truth of roads from the image and the red
lines are roads in the database: (1) perfect coincidence; (2) intersection; (3) disjunction; (4)
feature inconsistency. Fig.1-1 is selected from our test data, which will be also discussed in
the experiment in Chapter 5. Fig.1-2 and Fig. 1-3 are selected from the two favourite online
map providers (accessed on April 15, 2012), and the obvious misalignments are highlighted
by the red lines, which have been slightly displaced purposefully from the original road in
order to show the wrong overlapping problems. It should be pointed out that the
misalignments appeared not only on large-scale maps, for instance the extreme offsets shown
in Fig. 1-3, they are also common when the image resolution changes during zooming.

The conflicting spatial relationship, e.g. the overlap of a road vector with buildings in the
image, is unacceptable for the visualization, it also dramatically influences the performance of
many feature extraction algorithms. For instance, the snake-based detection algorithm
assumes the prior information i.e. the reference data is sufficiently close to the target object;
otherwise it is difficult to converge. It is also obvious for disaster evaluation: the results are
totally wrong if there are some misalignments in the original datasets.



; 1 . ‘.. > ) ‘A \ \ .-,‘. A ..-‘ .:.' __. :
Fig. 1- 2 Misalignments in Google Maps® (48° 7'36.41"N 11°21'34.36"E)

Fig. 1- 3 Misalignments in NAVTEQ Map24® (48°10'2.04"N, 11°31'26.24"E)
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Although the problem is straightforward when overlaying both datasets, detecting and
correcting the wrong correspondences between an image and a road vector involves a
manifold challenge:

1) Non-systematic misalignments: It is impossible to transform all features by one single
global function. Instead, individual features in the datasets need individual treatments.

2) Uncertainty: Road features in an image are often disturbed by noise such as shadow,
tree etc., which make them difficult to be recognized. Often, only fragments of a road can be
detected from the image.

3) Inconsistency: The road features in the vector database are manually or semi-
automatically created, therefore they have symbolized shape, especially at road intersections.
However, the road features detected from the image only have rough shapes. This may
increase the inconsistency between data sources.

These existing difficulties have been extensively evaluated in (Chen et al., 2006; Song et
al., 2009; Wu et al., 2007) in the context of data conflation which usually includes three steps:
1) feature detection from image; 2) matching features from both data sources; 3)
transformation of the matched features. Among them, the recognition of reliable features from
the image plays a decisive role. Prominent road junctions are important clues and treated in
the transformation function as Ground Control Points (GCP) in order to transform the
reference features (roads in vector database) to the target features (the extracted features),
where we assume the image has a higher actuality.

In spite of the existing misalignments, a reasonably correct overlay ratio is achievable in
urban areas where many additional clues can support the matching work, for instance, many
GCPs can help rectify the misalignments, therefore, reduce the difficulty of the conflation
problem. In our study, we address the matching work for the suburban and rural area where
both the clues from the context and the noise level are limited. We choose the Very High
Resolution (VHR) aerial orthoimage with 0.4m resolution in which the individual features are
well discernable. Feature inconsistency, i.e. feature in one database cannot find its complete
correspondence in the other, is a main concern of the geo-data maintenance (Mena, 2003)
and damage evaluation. This thesis is focused on solutions to a number of representative
cases.

1.2 The Challenging Issue and the Goal

The conflation of road network and the image is an interdisciplinary problem, which can
benefit from the achievements of different research areas. The essential task of conflation
problem is to compute the reliable matching pairs from both spatial data sources. Two critical
issues are involved:

1) Unreliable feature extraction from VHR image. Road features as well as the junctions
are area objects on ground level which are likely sheltered by high-level features e.g.
cars, trees. The most reliable features that are detectable in linear forms can be roads,
building outlines or other open or closed linear features. The up-to-date road extraction
algorithm (Franz, 2009) cannot provide reliable extracted road network because of the
mentioned complexity. This has substantially impeded the research on conflation.
Using the road intersection (Chen et al., 2006; Song et al., 2009) or the straightness of
roads (Wu et al., 2007) for matching works only for certain areas.
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2) Insufficient feature matching algorithm. The feature matching, for instance, point-to-
point matching, requires the similar amount of feature in both data sources, otherwise,
the matching results are unreliable or erroneous. Moreover, the definition of similarity
measure is also a delicate problem for matching algorithm. The road-to-image
conflation approach concerned in this thesis is a 1-to-n matching problem where the
reference road segments are relatively sparse as compared with the target features in
the image and the correspondence could reveal 1-to-1, 1-to-n or m-to-n relationship.

The road-to-image conflation approach faces not only the above-mentioned challenges,
but also the increasing amount of new data. With the rapid progresses of spatial data
acquisition technology, the updating period of data sources becomes much shorter than
before. Manual conflation can no longer satisfy the demand of spatial data services. Without
an automatic conflation method, many errors shown in Fig. 1-1~1-3 could not be efficiently
corrected. If the misalignment between road network and image is larger than a certain
threshold, some alignment algorithms cannot be applied.

The thesis aims to deal with the misalignments among the homologous objects between a
reference road database and an image by developing an integrated system and verify its
feasibility and efficiency with test datasets. The main problems which were considered in this
thesis include: 1) a curvilinear feature extraction approach which assures the extraction rate
and certainty; 2) a sparse matching approach to cope with the multiple correspondences; and
3) suitable transformation functions to snatch the matched objects from each other.

1.4 Organization of the Thesis

Following the introductory chapter, the theoretical background and related works are
briefly summarized. The components of CHM and the experiments are addressed in
respective chapters. The overall structure of the thesis is illustrated in Fig. 1-4.

Introduction and Motivation

Chapter 1
Road Feature
] Extraction
Background Gestalt Decomposition
GA-based
Grouping
. Preliminary
Related Correspondence
Works | Chapter 3
CHM .
Experiment(2)
Definition
. Road Network
Experiment(1) Transformation
Chapter 2 Chapter 4 Chapter 5
Conclusion and Outlook Chapter 6

Fig. 1- 4 Organization of the thesis
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In Chapter 2, the interdisciplinary characters of the conflation problem are comprehensively
discussed. The definitions of the same concept from different discipline are combined for the
image-to-vector conflation problem. The related matching algorithms are presented as
elements of our conflation framework, but we focus on the matching approaches with
available prior information. Moreover, the conflation approaches are classified on the basis of
the matching strategies.

Chapter 3 is dedicated to the generation of the spatial data for the CHM model. The linear
features are extracted from the image by means of the new detector - Elastic Circular Mask
(ECM), and the primitives are further grouped using the Genetic Algorithm (GA)-based
approach, which aims to reduce the noise in the extracted features.

The entire CHM model is presented and tested with synthetic datasets in Chapter 4. The
noise from the inhomogeneous data sources is analysed. In CHM, the multiple
correspondences between the two datasets are modelled as a mixed integer programming
problem, but it can be simplified if the scope of the problem is limited, e.g. if there are less
than 100 node groups in the experiment using synthetic datasets. The greedy idea is
implemented in CHM to get the optimal matching pairs.

The experiments with the real spatial datasets are presented in Chapter 5 in order to verify
the proposed model. Two favourite transformation functions are compared in terms of their
suitability for road network.

The final chapter summarizes the advantages as well as the limitations of the proposed
CHM model followed by a brief outlook about the emerging research issues for the future.






Chapter 2

Spatial Conflation: An Interdisciplinary Review

2.1 The Concept

2.1.1 Definition

The development of efficient and inexpensive geospatial data acquisition techniques has
led to an ever growing number of geospatial data products and accelerated the
comprehensive utilization of geospatial knowledge for our everyday life, for instance
GoogleMap®, Nokia Map?, which provide us with efficient integrated spatial information e.g.
street map, geo-referenced optical image or even street views from their portals. However, the
multiple datasets bring about not only benefits, but also challenges, especially for the
applications which require the combination of various spatial data sources. One conspicuous
problem is the confliction between an existing spatial dataset of a region and a newly acquired
dataset from the same region, because the one of the data sources usually has more
information about the environment than the other, therefore, an integration approach for these
more or less conflicting data sources is necessary to generate a better version than the
original datasets. Data integration has been studied in several domains. In remote sensing
technology, two geo-referenced satellite images can be registered, thus connected with each
other; in medicine, datasets from Computer Tomography (CT) and Nuclear Magnetic
Resonance (NMR) can be combined to obtain more complete information about a patient; in
computer vision, a combined approach is commonly required to locate objects in an image; in
cartography as well as in Geographic Information Systems (GIS), map updating also requires
the integration of multiple data sources.

Despite the considerable amount of research works, the question about how well the
applications can benefit from the new data as well as the archived data remains open. In order
to address this question, we will review the prior knowledge-based spatial data integration
approaches in Section 2.2. We will firstly introduce the concepts related with the integration
from different research domains, which may bear unerring meanings in a specific research
field but could sound confusing in other fields. On this basis, we then redefine the concept of
spatial conflation to emphasize its characteristics in GIS community.

The term ‘object’ is perhaps most frequently used in GIS as well as image processing. It
describes a tangible thing, e.g. a cup, a horse, a road etc. that you can touch or see. In
previous chapter, we just mention the ‘cartographic object’, which indicates a concrete road,
building and so on that needs to be shown on the map. The object bears the same meaning in
image processing where an object corresponds to something with a specific size and form or
shape. However, the detection of tangible objects from an image is a difficult task, up to now
it’s still impossible to recognize the complete objects directly from noisy images. In most cases,
only object parts such as segments of a road are directly detectable based on their geometric

1) http://maps.google.de/
2)  http://maps.nokia.com/




or radiometric characteristics.

The term ‘feature’ indicates an important part of something that you notice because of its
salience, relevance, or type. In the interdisciplinary research, feature is used to indicate object
parts or groups, particularly when the objects are not so clear or they are hard to describe. In
GIS, the feature layer is used to indicate the objects in the same thematic group such as the
river, land parcel, road, etc., and it usually consists of geometric and semantic information.
This thesis mainly deals with two different spatial datasets: the road networks and the road
candidates extracted from a geo-referenced image. While road networks indicate exclusively
the road objects, the extracted road candidates from an image may contain roads, road parts,
other features or objects similar to or besides a road. To avoid confusion, we use in the thesis
the term ‘edge’ or ‘primitive’ to describe the preliminary outcome from the image processing
procedure, and the term ‘road feature’ to indicate the identity of ‘edge’ or ‘primitive’ that has
been verified or assumed to belong to a road object. In this way, we discriminate the road
from the road network, i.e. road object, road segment, and the road from an image, i.e. road
feature, edge or road primitive, in the thesis. In Fig. 2-1, the terms, i.e. object and feature, are
illustrated in two different spatial datasets.

Feature

Layer /

=~ Objects

Features

Image Layer

Fig. 2-1 Features vs. objects in spatial datasets

Both the term ‘segment’ and ‘component’ describe part of an object, but there is delicate
difference between these two terms: the former emphasizes the part of a linear object, in other
words, a linear object could be divided into many segments. The latter highlights a part of a
whole object regardless of its shape or a member of a group. In our context, we prefer
segment to component for the description of road network. If a road segment traverses
between two road intersections, we also use the term ‘road arm’ to highlight the character of
the road intersections.

Besides the definition of the object-related terms, it's also important to understand
integration frameworks from different domains, especially the difference between the image
registration and the spatial conflation.

In remote sensing, medical imaging, computer vision, the concept of image registration is
widely discussed for the fusion of two or more images from different times, different sensors or
different perspectives. More than 1000 related papers were published between 1990s and
2000s according to the database of Institute of Scientific Information (ISI). The first
comprehensive survey of registration was reported by Brown (1992), who defined the
registration as a mapping function between two images with respect to the intensity. Zitova
and Flusser (2003) reviewed the image registration works from interdisciplinary researchers,
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and they reported the image registration as a process of overlaying multiple images which
includes feature detection, matching and transformation. Finding and confirming the
correspondence between the detected features from the sensed images is the critical step
leading to accurate fusion results. Different from the data fusion which aims to generate the
new data from multi data sources, image registration only computes the correspondences in
images and transforms the matched features to each other.

Fig. 2-2 Image registration by control points in order to correct the rigid deformation

There was no evident relation between the image registration and the conflation before
1990s when the satellite image was utilized to update or visualize the spatial data which was
usually homogenous and from the same provider. Later, with the growing data sources from
different providers, the requirements for the accurate correspondence or conflation between
the image and existing spatial data have emerged. Two generations of conflation can be
distinguished: 1) conflation of datasets with similar recording formats, for example, between
two vector databases, or between two raster images; 2) conflation of datasets with different
recording data formats such as between image and road network.

The term ‘conflation’ means to combine two or more text variants into one whole in
rhetoric. Saalfeld (1985, 1988) coined the term ‘map conflation’ for geospatial data fusion or
integration in the early 1980s to indicate the new generated map from two different map
sources, although the integration of different spatial datasets was manually done before
Saalfeld’s work. At that early stage of GIS development, huge geospatial datasets which
usually originated from different agencies needed to be combined into one ‘better’ product.
Lynch and Saalfeld (1985), Fagan and Soehngen (1987) and Lupien and Moreland (1987)
also contributed to the first generation of conflation systems which specially dealt with the
feature alignment problem in their research works. The up-to-date conflation process can be
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characterized by: 1) the efficiency of combing or compiling a great number of digital maps; 2)
the enriched features with the advantages from spatial data sources in similar or different
recording data formats; 3) the rapid technological development and implementation of
mathematical algorithms for recognition and matching of map objects.

The automatic or semiautomatic integration of spatial datasets from multiple sources has
been an actual research subject since 1980s; moreover the new satellite images have been
extensively used to update the topographic objects in the existing spatial databases since
1990s, which has extended the concept of conflation from similar to different recording
formats of spatial data sources (Zhang, 2003). Mena (2003) reviewed around 250 related
papers for updating the road database; Baltsavias (2004) reported the related works for
cartographic object extraction using existing geospatial data as prior knowledge with the
purpose of developing an operational system for updating the spatial database. The
complexity of accurate detection of cartographic objects from the satellite image has
stimulated extensive research works by numerous researchers from different research groups
from photogrammetry, image processing and computer science. The main contribution of the
second generation of conflation lies in the novelty to acquire homologous spatial objects from
heterogeneous data sources, e.g. image, Digital Elevation Model (DEM) etc. Automatic or
semiautomatic approaches have also been reported by Chen et al. (2006), Wu et al. (2007),
Song et al. (2009), and Zhang et al. (2011). Recently, Ruiz et al. (2011) summarized the up-
to-date research works with respect to the comprehensive classification of conflation
processes which are mainly focused in the GIS domain, and they divided the conflation into
two phases according to the works (Gillman, 1985; Gabay and Doytsher 1994): the
identification of possible correspondences and the alignment of the matched features. Fig. 2-3
illustrates the two generations of the conflation approaches with two typical cases, where the
road to be conflated is in red.

A) Vector (in red)-to-Vector (in black) conflation B) Vector (in red)-to-Image conflation
Fig. 2-3 Two typical cases of conflation

The fundamental concepts as well as the processes of the image registration are rather
similar to those of the conflation: the correspondence and the transformation of the matched
feature, if we neglect the data pre-processing. But it should be pointed out that the conflation
also means to acquire more information from the partner spatial dataset to create a ‘better’
spatial data from the existing datasets regardless of their recording formats. From the point of
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view of data process, we propose a general conflation framework with four phases: 1) data
pre-processing; 2) correspondence computation i.e. by feature matching; 3) feature
transformation; 4) quality evaluation. In practice, it is also reasonable to trigger only part of
these processes to integrate the data sources, depending on the complexity of the original
datasets. For the conflation of datasets in similar recording formats, the data pre-processing
can be included (Zhang, 2009) or skipped over, but it becomes more complex and inevitable
for the conflation of datasets with different recording formats where the high noise level may
impede the detection of correspondences.

In this thesis, we build up multiple correspondences between image and road network by
extracting the linear features from the image, and then model the spatial relationships as a
mixed integer programming problem. In practice, the problem has been simplified, and a
greedy algorithm is implemented to compute the estimated correspondences.

2.1.2 Strategies

The conflation involves a series of processes as discussed in previous section. Several
factors may influence the organization of these processes into a feasible computational
framework for specific spatial data sources. An appropriate strategy can accelerate the
computational efficiency. In this section, we analyze the key factors involved in the processes
in detail.

The pre-processing aims to assimilate the difference among the original datasets
regardless of their recording formats. Its difficulty depends on the complexity of the input
datasets. In case of similar recording data formats, e.g. the vector-to-vector or image-to-image
registration, it needs less handling, whereas it requires more computing effort to normalize the
datasets of different recording formats. The road features in the satellite image, for instance,
need to be extracted in order to find their correspondences in the vector database. The low
extraction ratio in the reported state-of-the-art road detection algorithms (Mena, 2003) is a
bottleneck that makes it hard to provide adequate spatial data for the subsequent matching
procedure. These algorithms suffer from the common problem to detect the road intersections
so as to conflate the spatial datasets (Chen, 2005). The conflation with the purpose of
integrating semantic information, e.g. post address (Zhang, 2006), or digital gazetteer
(Goodchild, 2011), has to go through a similar process to normalize the data, but here the
efficient rules instead of feature extraction are required. No matter what input datasets are
chosen, the pre-processing has the key issue to set up effective criteria for the data
harmonization so that the subsequent matching algorithm can be triggered.

Feature matching is the central process in the conflation framework, and it is also the
decisive step to ensure the final quality of the conflated data. A lot of literatures on matching
algorithms have been continuously reported in the last decade (Conte et al., 2004, Cui et al.
2009, Myronenko, 2010). The feature matching tackles two interdependent tasks: similarity
computation and correspondence detection. The similarity measure can be cross-correlation,
distance metric, turning function distance and so on between the homologous objects from
both datasets and it decides the certainty of the matching results. The correspondence
connects one data source (reference data) with the other (target data), and it is determined by
the feature transformation functions. The general matching formulation between the reference
feature M and its corresponding target feature S is:

f(M,S) = opt simlarity(M,T (S, ®)) (2-1)
f
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with f(-) is the optimized correspondence value between the features; T is the transformation
function; © is the parameter set in the transformation function.

As an important factor for matching, the similarity measure is the premise for the
computation of the correspondence (Veltkamp, 2001), and we identify two different groups of
measures: the feature-based measure and the intensity-based measure. The feature-based
measure defines the similarity directly based on the geometric difference between the features,
the Euclidian distance and its variants are the favourite measures because of the simplicity
and intuition, furthermore, the distance-based measures can be generalized as (Chui and
Rangarajan, 2003; Myronenko and Song, 2010):

£ =Y YR T o[ (22)

K
k=1 1=1

herein E,, is the degree of similarity between the feature ¢ and its correspondent ¢/ ; P, is
the probability between the two features; T is the transformation function.

The intensity-based measure defines the similarity for the features with similar sizes, and
the statistical comparison is the basis of this measure, which considers each individual
element (pixel in case of image). The intensity-based measure has a higher computational
efficiency as it does not require the feature detection process. The most popular intensity-
based similarity measure is the Sum-of-Squared-Differences (SSD) (Hill et al., 2001):

1 N
ESSD:WZ(In_J:)Z (2-3)
n=1

where Eg is the degree of similarity between pixel I, and J, by the transformation function

T ; N is the number of pixels in the area, usually the same area from both datasets is chosen.

Some typical measures reported in the related literatures are summarized in Table 2-1
and Table 2-2.

Table 2-1 Feature-Based similarity measures for matching

Feature-Based Measures

1 Discrete Metric

N

L, Distance ( Minkowski

Distance)

Bottleneck Distance

Hausdorff Distance

Turning Function Distance

Frichet Distance

Nonlinear Elastic Distance

Reflection Distance

O 0| N| o o] | W

Earth Mover’s Distance
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Table 2-2 Intensity-Based similarity measures for matching

Intensity-Based Measures

Cross-correlation

Phase-correlation

Mutual information

Area of Symmetric Differences
SSD

g b WO N

The transformation defines the method to deform or transfer the reference feature to its
corresponding partner in the target using a rigid or non-rigid transformation function
(Myronenko, 2010). Although the most common transformation function, e.g. rotation,
translation, is perfect for rigid objects, and it is also simple to be implemented, it is the rare
situation for the geospatial feature with rigid deformation. In the reality, most deformations are
randomly distributed in the selected area; therefore, we have to consider both rigid and non-
rigid transformations at the same time. It is a demanding task to discriminate and locate the
rigid or non-rigid transformations for the matched features, and we compare two favourite
transformation functions for the vector-to-image conflation problem in this thesis.

There are two typical strategies to transform the matched feature if we already know or
assume it's a non-rigid deformation. The first one is the parametric approach which defines a
series of transformation parameters from the matched features. The piecewise affine
transformation is the most popular method in geoscience’s research works because of its
simplicity and it requires the subdivision of the space, e.g. by means of Delaunay triangulation
or Voronoi diagram, and then the affine transformation is applied inside the regular grids. This
approach is not smooth but continuous, so it's suitable for spatial features which usually obey
the first law of geography (Tobler, 1970). It has been widely reported in conflation approaches
(Ruiz et al., 2011). The first generation of conflation systems chose this method to transform
the matched features (Saalfeld, 1985).

The Spline-based transformation function produces smoother transformation results than
the piecewise affine approach and it is based on the linear combination of the basis functions:

) => wR(|x—x[) (2-4)
k=1

where W, is the unknown parameter; the basis function R depends on the Euclidean distance

from X to the given control point X, , and K is the number of control points.

The Spline-based transformation function is a favourite method in medical image
research, where the object needs smooth deformation; moreover, this method localizes the
deformations with low computational complexity. Thin Plate Spline (TPS), for instance, is one
of the Spline-based methods defined by (Bookstein, 1989).

f(x) = Ax+t+> wU (X, X) (2-5)
k
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where A is the affine transformation matrix; t is a translation vector; w, are the TPS
coefficients and U is the TPS basis function. In 2D, U =r?logr?where r :||xk —x|| is the

Euclidean distance from X to the given control point X, .

The TPS method provides a global support for the matched features, which is preferred in
many applications because it considers also the influence from features far away. However,
this character makes the localization of the local transform difficult. Other Spline-based
methods, e.g. cubic B-Splines, Multi-quadric Spline, can overcome the shortcoming of the
TPS method to some extent, but they dramatically increase the computation complexity or
they require prepared parameters.

Both the smooth and non-smooth transformation functions have been used in the
conflation applications for geospatial data (Wu et al., 2007; Song et al., 2009). Fig. 2-4 shows
the main difference between TPS and piecewise affine transformation function such as the
piecewise Rubber-Sheeting (RUBS) using the same control points. The reference data and
target data are marked with ‘+' and ‘0’ respectively, and the colour bar in b) and c) is the
deformation degree of the regular grid, where the degree has been interpolated with the
consideration of its neighbors. The neighbor grids change smoothly in b), whereas the
deformation in c) appears to be abrupt. The deformation in c) is mainly located around the
point pairs, whereas the deformation in b) reflects more influence from neighbors. In the
computation of ¢), we add the corners to the point pairs to get the deformation results near the
border.

0 ' ' 05 ' ' 1 ' 15

a) Point datasets in regular grids
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The second strategy assumes the transformation model as an unknown function to be
optimized in terms of cost or target equation from the original datasets. The deformation can
be defined as:

f(X)=x+T(x) (2-6)
where T (X) is an unknown displacement for object X .

The target function for the conflation is defined as
E(T) =0pt{Eyp (1,3 (x+T (X)) + @,y (T ()} (2:7)

where E(T)is the optimal result for the estimated displacement T ; and E is the similarity

measure between the target dataset | and the reference datasetJ for each object X and
E,., is the regularization term, and « is a regularization parameter.

Unfortunately, this function is an inverse problem (ill-posed problem) which has no unique
solution from the matched features if there are outliers in the datasets. To get the constrained
solution for the problem, for instance, it requires the regularization terms to suppress some
undesirable results.

The optimization approach is advantageous due to its parameter-free computation
procedure. It focuses on the optimal solution by the mathematical simulation such as soft
assignment, relaxation etc. Furthermore, it doesn’t directly require any correspondences in the
matching results and can therefore match and transform the reference data to the target data
at the same time. Its disadvantage is also obvious because it ignores the intrinsic
characteristics of the data, although it can be used as a general solution.

Which of the above computing strategies is more suitable for the conflation depends on
the nature of the original datasets as well as the requirements from the applications. The
existing conflation approaches can be classified according to the characteristics of the spatial
datasets as well as the conflation process.

2.1.3 Classification of conflation approaches

To understand the characteristics of various conflation approaches and to get an
overview of their applications, a classification is necessary. Ruiz et al. (2011) comprehensively
discussed the various conflation approaches according to four criteria: the matching strategy,
the representation model, the categorization of matching results and the automation level.

We summarize only the approaches related with the vector-to-image conflation, but we
also take into account the possible method from image-to-image registration without loss of
generality. The reported conflation approaches can be differentiated from one another
depending on three criteria: the geometric dimensions, the involved matching algorithms, the
represent model. These criteria are interrelated in an integrated conflation framework.

The geometric dimensions of the feature are the most common criteria for matching as
well as for registration approach. Points, lines and regions (polygons) are the favourite
features because of their simplicity to acquire and handle. The point features consists of
methods working with line intersections, road crossings, centroids of water regions, oil and
gas pads and so on. The inherent advantage of the point feature is the simple choice of
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similarity measure such as the variation of Euclidean distance. Point features are easy to
acquire from vector data, but it is a challenging task to extract points or corners from an image.
Line features can be the representations of general line segments, road network, object
contours or elongated anatomic structures in medical imaging. The lines contain more
geometric information than points, and the extra information from lines are the constraints for
matching algorithm to get more accurate results. Line correspondence is usually expressed by
pairs of line ends or middle points; however, line strokes have been verified as a more
efficient means for road network matching (Zhang, 2009). The complexity of line-based
matching method is not only caused by the difficulty to extract the lines from image, but also
owing to the insufficient similarity measure to evaluate the similarity between two lines.
Polygon feature is a closed-boundary region with an appropriate size, so it can be the
projection of a lake, forests, a building or an urban area. The polygon has more geometric
information for matching algorithm than point and line, but it requires a sufficient shape
description which is not a trivial task.

The matching algorithm is the key component in a conflation application. Some novel
conflation models are based on the new designs of the matching measures or procedures.
Depending on the used mathematical method, a matching algorithm can be statistics-based,
optimization-based or heuristic-based. The statistical-based matching method has many
examples in several research fields incl. the GIS community. Walter and Fritsch (1999)
proposed a buffer growing algorithm for vector-to-vector conflation base on the initial idea
from the Iterative Closest Point (ICP). In principle, all of the graph-based matching algorithms
(Conte et al.,, 2004) belong to this category. The optimization-based method regards the
matching as an integrated mathematical problem, where the so-called target function needs to
be set up to describe the similarity in the matching datasets, and then the optimal solution can
be achieved via relaxation or linear combination method (Myronenko, 2010; Chui, 2001),
moreover, the transformation function can be also integrated into the target function to simplify
the procedure in conflation. In computer sciences, the heuristic-based matching method has
been widely accepted and applied for object recognition. The shape context (Belongie et al.,
2002), for example, is one of the well-known heuristic-based matching algorithm for object
with deformable shape. The heuristic-based method usually needs some prior information
about the object and a training procedure for the algorithm to learn the characters from the
samples, therefore, the objects can be identified by the well-trained parameters. Many
research works have proved that the heuristic-based method has a better performance in
cluttered image than the classical shape-matching algorithm (David and DeMenthon, 2005;
Ferrari et al., 2010).

The representation model in conflation approach is related to the fundamental aim. If the
original data sources are in different representation models i.e. different formats, the initial
step is to harmonize the heterogeneous data sources. In case of the vector-to-image
conflation, the feature extraction from image and then matching the geometric feature is the
common procedure. Walter and Fritsch (2000) presented a method to update the GIS
database using satellite image, in which the vector data was converted to raster to compute
the correspondence. The recording format can be in different formats such as vector data,
raster, video sequence etc. Besides the recording format, the semantic-based model aims to
use the semantic information to increase the accuracy of the matching results.

The applications of conflation approaches are mainly concentrated in geo-data updating,
media technology, image processing or computer vision, and more recently also in disaster
management.
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2.2 Related Works

2.2.1 Road detection with prior information

Automatic detection and extraction of road objects from satellite image is one of the most
challenging research tasks for photogrammetry and remote sensing in the last decade.
Although progresses have been constantly made, the research questions involved in the
detection task are far from being completely solved due to their intrinsic complexity. Among
the large number of existing works, several reviews on the road detection algorithms made by
(Fortier, et al., 2001; Mena and Malpica, 2004; Mayer, 2008; Rottensteiner, 2009) have been
reported in different time periods. The approaches designed for the GIS data updating, are
more interesting and also more closely related with our context.

Using satellite image to update the road database or using the road network to guide the
road extraction can be traced back to 90’s (Zhang, 2003; Mena, 2003). At that time both topics
challenged the GIS community: updating the GIS data needs extensive manually work,
whereas the low extraction ratio is the bottleneck of the image processing algorithm, so a
combined approach of road network and image is a natural choice to increase the
performance. Each dataset is the meaningful prior information for the other dataset. Stilla
(1995) built up a map-aided analysis system to accurately locate the manmade objects in the
aerial image using cartographic information. Zhang (2003) reported a map-based road
detection method, which included two important applications: updating the GIS data (Klang,
1998; Fiset et al., 1998; Fortier et al., 2001), and validating or increasing the road detection
ratio (Cleynenbreugel et al., 1990; Gunst, 1997; Bordes et al., 1997; Agouris et al., 2001).
Mena (2003) reviewed the related research efforts from around 250 references for the
updating of the GIS data and tried to classify the algorithms for road extraction and identified
the challenges involved in the road detection using both vector and raster datasets. Baltsavias
(2004) discussed the importance of prior knowledge embedded in multiple data sources for
the geospatial objects extraction. He found out that the prior knowledge was quite hard to be
represented and managed in spite of its usefulness claimed in many research works.
Moreover, he pointed out the unsatisfactory performance of object extraction method. From
our point of view, the achievements in the reported works are reflected in three aspects:

(1) The active contour model

The active contour model or snake-based approach (Kass et al., 1988) for the integration
of GIS data and the satellite image provides an algorithm that takes the GIS data as the prior
information and bends towards the feature of the image by minimizing the energy function in
Eq. 2-9. If we define the parametric curve C

C(s) = (x(s). y(s)) (2-8)

where s €[0,1] is the arc length, and x and y are the coordinates of a closed curve C. The
curve delineates the object on the image by setting and minimizing the energy function E(C(s))

E snake — J-:( Eint (C (S)) + Eimage (C (S)) + Econ (C (S)) )dS ( 2-9 )

with 1) E;,(C(s)): the prior knowledge concerning the shape and movement of the object;

2) E,__.(C(s)): the optimal description of object in the image;

image
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3) E,,(C(s)): the additional external constrained force.

Klang (1998) detected the changes between the existing road database and the newly
acquired satellite image using Ziplock Snakes, and the new roads which are not included in
the existing road database are extracted by a simple tracking algorithm after detection of the
seed points. In a similar way, Agouris et al. (2001) introduced the Differential Snakes for road
change detection, and the local and global changes were identified. Bonnefon et al. (2002)
presented a complete work to update geographic linear features in GIS, which could quickly
find the optimal path by the dynamic programming, but there were unclear regions due to the
noise, and then the snakes smoothed the unclear sections and controlled the curvature. Peteri
and Ranchin (2003) proposed two different types of active contours for extracting the road
network in dense urban areas. Based on the given topologically correct graph of the network,
the road segments were reconstructed by introducing the parallelism constraint for the contour,
whereas the intersections still used the original active contours. Youn and Bethel (2004) found
that the road network had usually a block pattern, and they employed the active contour
models to refine the initial approximations from the segmentation, and the road corners were
rectified finally. The original snake-based concept was designed for enclosed object such as
buildings, land parcels etc. Its usage was quite limited for open curves, e.g. road and river.
Keeping this in mind, Butenuth (2008) proposed Network Snakes to extend the original
snakes for delineating arbitrary curves. Rochery et al. (2006) also circumvented the limitation
of the original concept by introducing the ‘high-order terms’ in the energy function for an
arbitrary topology, and Peng et al. (2010) further extended the model to extract the road
network from VHR satellite image, and the additional nonlinear and linear non-local terms
were introduced for general road networks, e.g. straight narrow branch, sharp curves, dead
end roads.

An obvious drawback of the snake-based approach is its sensitivity to noise. It may easily
get stuck in the local minima during the computation (Amini, 1988). A more critical problem is
that there is only a regularized solution, e.g. simulated annealing algorithm, for the target
function which requires enormous amount of computation time. A further problem related to
conflation task is the requirement of the snake-based approach for the prior information which
should be very close to the features in the image. This proves rather critical for the road
detection from the satellite image which could contain the misalignment up to 200 meters
(Chen et al., 2006). Therefore, narrowing the misalignment between the two datasets is
necessary (Song et al., 2009).

(2) Detection of road feature

Extraction of the entire road network from an image is a nearly impossible mission. It is
constrained not only by the object model as the abstraction of the real world, but also by the
cluttered scene, where the roads as the low-level objects could be easily shaded by the trees
or shadows as shown in Fig. 2-5.

Road intersection, for instance, is a salient part of road and also the helpful information
for detecting the whole road network (Negri et al., 2006; Hu et al., 2007), and the intersection-
based algorithms reported in (Deschenes and Ziou, 2000; Barsi and Heipke, 2003;
Ravanbakhsh et al., 2007) explored the characters of road intersections for the purpose of
locating them in the image or in the scanned topographic map (Chiang et al., 2008). The
intersection-based algorithms suffer from the disadvantage of their computing complexity to
localize the intersections within large areas. Due to the recognition problem the existing
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algorithms are not able to produce efficient solutions. We regard this situation as a useful hint
for the conflation and are aware of the flaws in the extracted road data and the necessity of
including some prior information for accurate road detection.

Fig. 2-5 A typical image with roads as low-level objects at a intersection
(3) Quality assurance of spatial data

A common step of conflation and updating of GIS data from image is to evaluate the
quality of the extracted spatial data in comparison with the prior knowledge, which has been
reported as a non-trivial problem (Gerke and Heipke, 2008). It's an important issue for the
detection of correspondences and changes. Lemmens and Verheij (1988) reiterated the
importance of the GIS knowledge for the image segmentation problems. Later, Gunst and
Hartog (1994) and Gerke et al. (2004) verified the GIS data by modelling the prior knowledge
as a spatial context. The graph-based verification approach (Gerke and Heipke, 2008)
increased the detection performance of the road extraction algorithm, but it depended on to
some extent the topology of the extracted features which may be unstable for complex scenes
in image. Moreover, the combination of evidences is a tricky task. Based on the prior spatial
knowledge, the evaluation of the extracted features should consider the broken features as
well as their topology which may reveal complicated spatial relationships between the original
object and the extracted feature. In case of road objects, there may be various cardinalities of
correspondences, e.g. 1-to-0, 1-to-1 or 1-to-n from the extracted features.

From the literatures, we have also learnt a number of lessons. First, we are aware of the fact
that it is unrealistic to extract the entire road network from the satellite image, even if the
images are accurately geo-referenced. The related works with or without prior knowledge
(Fortier et al., 2001; Rottensteiner, 2009; Mena, 2003; Baltsavias, 2004) show that the
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performance of road detection is still quite limited, the detected features are noisy and not
sufficiently reliable in comparison with the objects in the GIS database in spite of the great
progresses reported by Poullis and You (2011). The fundamental progress of road detection is
accompanied with by the algorithmic development for the detection of primitives such as edge
or contour (Papari and Petkov, 2011). Second, the combination of multiple data sources is not
always helpful for the road detection as we expected. Hinz and Baumgartner (2003)
suggested the road extraction from multiple perspectives of the aerial image. The identification
of the homologous object in different views is even more challenging than the recognition of
the road, although the detection of 3D objects as a by-product proves interesting for many
applications. Zhang (2004) proposed the approach to detect the road network from the image
with the prior information of GIS data and DSM, and the combination of different quality
measures for various data sources is a tedious endeavour before they can be used as prior
knowledge. Similarly, the combination of SAR or laser image suffers the lack of representation
criteria of the prior knowledge in addition to the difficulties of recognizing and localizing the
homologous object in a different data source.

2.2.2 Feature-based matching algorithms

In Section 2.1.2, two general concepts for feature matching - similarity measure and
correspondence are introduced. In this section we focus on the matching algorithms for the
conflation of image and road network with the emphasis on feature-based approaches for
points and lines. The semantic information embedded in road networks serves as the
complementary information for the features in the image.

(1) Point-based matching

Point features have been most frequently treated in matching methods in a wide range of
disciplines as they are relatively easy to be detected from the image. Nevertheless, many
reasons make the point-based matching a complicated problem. Based on an analysis of
progresses made in point-based matching with the specific focus on the deformation level as
well as the ‘dynamic’ character of the data, Li et al. (2003) claimed the primary reasons which
strongly influenced both accuracy and efficiency of matching are the data quality and the
distortion level which can be subjected to data distortion, incompleteness and noise from
different systems. Zitova and Flusser (2003) reviewed the point-based matching approaches
for the image registration. Zhang (2009) regarded point-based matching approaches as a
support to a network-matching algorithm. Among these works, ICP-algorithm (Besl and McKay,
1992) has been reported as the most popular method for point-to-point matching. It deals with
an iterative procedure that computes the favourable correspondences with the initial matching
by the assumption of knowing the prior information e.g. the similarity or transformation
parameters.

Algorithm 2-1 ICP-Registration (Sharp et al., 2002)

Let S be the reference point set {sl,sz,n-,sps} (P,eR), and M is the target data set

{ml, My, === Mg } (P, eR), and D(s;,M)is the shortest distance from M to the reference point

s, , and the algorithm starts:

1) Let T,be an initial parameter for the transformation;
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2) Setup the correspondence function: C =uUf: {T,,(s,), D(T,,(s;), M)} ;

3) Compute the new transformation T, that minimizes the mean square error between

point pairs in C;
4) Repeat the Step 2~3 until met the termination criteria.

ICP utilizes the nearest-neighbor relationship to assign the correspondence at each step.
It requires a good initial estimation in order to converge to the global minimum. ICP is simple
and speedy, therefore, suitable for real-time applications. However, it is a difficult task to
determine reasonable initial parameter. A fully automated ICP algorithm needs to search
among multiple initial conditions which may increase the computing effort.

To find a desirable initial state of ICP, (Chui, 2001) and (Myronenko, 2010) formulated in
their methods of TPS-PRM (Thin Plate Spline Robust Point Matching) and Coherent Point
Drift (CPD) the point matching as an optimization problem which usually includes a target
function. Unfortunately, the target function is an ill-posed problem because of large number of
the unknowns in the function and it needs regularized term or constraint to get the optimal
results. Moreover, the physical property of the spatial point is neglected. Apart from this
drawback, these approaches are robust and general for different kinds of applications.

The point-based matching is a practical approach for point dataset, where the spatial
relationship among the points is undefined or difficult to detect. The distance measure is a
congenital deficiency of the point-based method. The nearest neighbor metric or its variation
(Veltkamp, 2001) has been verified as a suitable measure for dense point dataset. The dense
point dataset, however, is an unrealistic requirement for cartographic objects which are
usually irregularly and sporadically distributed within the study area. Another challenge for the
point-based matching method is caused by the outliners in the dataset and the noise may
dramatically decrease the stability of the matching results if the noise ratio becomes larger in
the target dataset.

In Fig. 2-6 a), the reference dataset ‘+' and the target dataset ‘o’ have the perfect
matching where there are no outliers and each dataset includes 15 points. But the matched
results in Fig.2-6 b),c) become unstable when noisy points are added to the reference dataset
with 20% (2 points) and 80% (12 points) respectively. Although many measures have been
taken to improve the robustness against the outlier (Li et al., 2011), the fundamental idea
remains the same: compute the similarity from the nearest pairs and minimize the overall
matching errors. To reduce the influence from the outliers, more geometrical constraints
among the points can be added, which has been typically considered as a line-based
matching approach.
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Fig. 2-6 Performance of ICP algorithm for point-based matching with and without noise
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(2) Line-Based Matching

Line-based matching approach takes more geometric information into account than the
point-based matching method and is widely used for road network matching. The geometric,
topologic and semantic characteristics of two road networks are useful clues for the
establishment of an exact connection between them. The semantic information serves as
auxiliary information (Zhang, 2009), while geometric and topologic information is more
commonly explored. The line-based matching algorithms work on road networks with
complete or incomplete topology.

The topology bears the most significant information about a road network. A road
segment is also an elementary component of the graph. Therefore, line-based matching is
mostly supported by the graph theory. Conte et al. (2004) reviewed the interdisciplinary graph
matching approaches with regard to the applications and the algorithms. They deemed the
graph matching as a general searching problem with the aim to refine the correspondence
among the line segments.

Different from the graph matching method, the road network matching plays a significant
role for the integration of geospatial data and considers more information about the roads and
their catchments’ areas. Among the related works, two algorithms are quite compelling. Walter
(1997) proposed the buffer growing algorithm to identify correspondences inside a local region
with a specific buffer threshold. Multiple correspondences are possible. However, the false
correspondence can be minimized or verified as the buffer region moving to the neighbor
segments. Zhang (2009) presented a line-based matching algorithm which helps construct
delimited strokes from the road segments, and then introduce a buffer around the individual
strokes other than the fragmental road segments. In further steps, the multiple
correspondences are identified and optimized by means of a context-related topologic
analysis.

Fig. 2-7 The reliable topology of the road segments (red lines)

Fig. 2-7 shows the manually generated road segments and intersections from an image.
The topology of the lines could also be incomplete. The extracted road features from the
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image typically reveal some gaps between the line segments as shown in Fig.2-8. This may
introduce uncertainty in the matching results, and may require to identify the correspondence
between open lines (Cui et al., 2009). If the line segments in the target dataset are broken, the
connection of the segments is not reliable. Whether it is possible to get the exact
correspondence depends not only on the matching method, but also on the effective filter
which directly or indirectly eliminates the noise in the dataset. It is essentially same as the
traditional contour-based object recognition task which has to locate the prior shape such as
cup or horse among the massive contour elements. A pre-processing is required. For instance,
the perceptual grouping uses the convexity, cocircularity, connectness, parallelism or
proximity to group the line candidates as a meaningful object. The local edge-based cliques
(Ferrari et al., 2008) are also identified as reliable element for object detection. The contour-

based object recognition algorithms usually deal with only one single object with well-defined
boundary, and there are still no reports about their application for open line detection from
satellite images.

Fig. 2-8 The unreliable topology of the extracted road lines (the green lines)

No matter whether the topology is reliable or not, the line is the fundamental element for
the matching algorithms. Besides the matching measures introduced in Section 2.1.2, various
approaches utilize different spatial relationships among the lines which are extensively
discussed in (Walter, 1997; Parent and Spaccapietra, 2000; Safra et al., 2006; Mustiere and
Devogele, 2008; Zhang, 2009; Zhang, 2011).

The spatial relationships of the lines are conceptually classified into four groups, i.e. one-
to-null, one-to-one, one-to-many, and many-to-many (Zhang, 2009). The matching algorithms
have the essential task to search the entire data space, detect the spatial relationships
between homologous line features based on the established similarity measures. Usually, the
determination of the spatial relationships starts from the line elements in the more reliable
dataset. The correspondences for the one-to-one relationship may fall into one of 6 cases if
we only consider the geometric information (Fig.2-9).

1) Zero correspondence
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Due to different qualities of datasets to be matched, there are certain features without
exact corresponding pairs in the partner dataset, for instance, the new road could exist only in
one of the datasets. It is even worse for the conflation between road network and image
where some roads are neglected by the detection algorithm.

2) Complete correspondence

This is the ideal but rare situation for the matching approach. It is the most reliable
matching result if both lines in the networks reveal exactly the same geometry.

3) Overflow correspondence

The target line is longer than the reference line, thus contains both of the end points of
the reference line. The overflow correspondence is the counterpart for the containment
correspondence.

4) Extension correspondence

If one of the end points of the reference line can get the exact matching result in the
target line and the other end point is also verified on the target line, it is the extension
correspondence, which means the target line can be extended to have the same length as the
source line.

5) Containment correspondence

The reference line is longer than the target line and contains both end points of the target
line. It is the counterpart of the overflow correspondence.

6) Partial correspondence

It is common that there is no exact relationship as described above if it only considers the
end points of the line, but at least one end point can be registered inside the reference line.

D]

I I I \ / Target
: ' Reference
1 2) 3)
— —_— D —— Target
I \ / \‘ / / Reference
4 5) 6)

Fig. 2-9 Six variants of one-to-one spatial relationship between two lines

Only two lines with one-to-one relationship are considered in the above discussion. We
can extend the discussion to complex situations that deal with spatial relationships among
multiple lines. The correspondence 4)~6) usually involves more than one single line segment,
if it takes the neighbors into account. Therefore, as shown in Fig.2-10, it evolves to a 1-to-N or
N-to-1 spatial relationship, where N is a positive integer. More generally, if we continue with
the searching step, we may identify all the N-to-M relationships, where M is a positive integer
that is not necessarily equal to N.
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Using the matching results to set up unreliable connections with the target dataset is
another aim of this thesis, and we will discuss more about the spatial relationships as well as
the sparse line matching algorithm in Chapter 4.

I— —\ I I I / Target

Reference
4-1) 4:2) 4-3)
— c— _ Target
I \ I f \' / Reference
5-1) 5-2) 6-1)

Fig. 2-10 Examples of one-to-many spatial relationship for lines
(3) Patch-Based Matching

The enclosed meshes or polygons by road segments also provide important clues for
matching algorithm, and we term the approach as patch-based matching. It follows the
principle of finding the appropriate shape descriptor or indicator and computing the similarity
between two patches. Since road networks contain open lines, patch-based matching can
only partly work on closed meshes in road networks. A review with general discussion about
the patch-based matching method can be found in (Zitova and Flusser, 2003).

2.2.3 State of the art of conflation

In the two preceding sections, we reviewed some key issues of conflation process. This
section is devoted to an overview of the most important progresses of conflation between
image and road network. A complementary overview is given by (Ruiz et al., 2011).

Hild and Fritsch (1998) introduced a global alignment method between vector and images
for geocoding according to which the vector features are rasterized to match the extracted
polygons from the image. Chen et al. (2006) presented a conflation approach based on road
intersection patterns recognized by using Bayesian classifier. They analysed the shape of the
grayscale histogram and determined clusters on the shape using a size measure with the aim
to detect road intersections that reveal certain statistical properties. However, the majority of
image regions do not really display the statistical uniformity because of the remaining noise
from small objects. To solve the problem, Ruiz et al. (2011) developed a non-parametric
approach based on texture analysis for the identification and extraction of pixels that belong to
road intersections.

Wu et al. (2007) reported an approach to localize the global alignment problem by
dividing a large image into regular grids, and then computing the maximum correspondence
between the road networks and the features in each image grid, and the matched features
were transformed by the global TPS transformation function. The correspondence between
the image and road network is identified by the peak responses from the corresponding
gradient image, moreover, it assumed that there was a dominating orientation in each pre-tiled
image. This assumption, however, proves too strict for the road pattern in the image, and is
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only suitable for certain cities. The approach also computed the confidence factor for the
correspondence, thus provided useful information for manually correction.

Song et al. (2009) presented a fully automatic conflation approach based on the road
intersections as well as terminations which were extracted from imagery and compared with
road networks by means of a relaxation labelling algorithm. The matched points were snapped
using a Rubber-Sheeting transformation algorithm. Furthermore, the aligned features were
input into the snake models to acquire the refined results. In this approach, the intersections
were picked up from the imagery by setting suitable thresholds for Normalized Difference
Vegetation Index (NDVI). The spatial context which assumed the road surface with a similar
radiometric behaviour in the test area was considered. However, it was hard to decide the
threshold for the image: A small threshold may increase the accuracy, but miss some
important intersection; whereas a too loose threshold may increase the number of false
intersections in the results.

These approaches share a common character of avoiding the detection of linear feature
and using road intersections as the favourable salient features from the image. They have
therefore a high computing complexity. Moreover, they ignore the shape of the road and
presume the road segments are more or less straight lines, which may lead to inaccurate
results after the transformation (Zhang et al., 2011). A combination of road intersection and
salient road segments is therefore a more desirable approach, but it requires the extraction of
linear features from the image.

2.3 Complexity of Spatial Conflation

2.3.1 Non-rigid deformation

The spatial datasets to be merged or conflated are usually collected from different times,
different sensors and/or by different vendors, and there is inevitably some inconsistency
between them. The same object e.g. the road segment in one dataset appears different in
other datasets and has undergone some non-rigid deformation. If we consider all the features
at the same time, we have to face an infinite number of unknown transformation parameters
(Woods et al., 1998) because the solutions usually exist in an infinite space (Yoo, 2004). To
make the non-rigid transformation manageable, we may look for discrete solutions instead
(Zagorchev and Goshtasby, 2006). However, it is difficult to define the exact number for a
sufficient estimation of the parameters, moreover, large transformation errors may be
introduced if a feature to be matched is outside the convex hull of its matching partner.

Both continuous and discrete solutions can be reasonable for spatial conflation of road
networks, but their relative efficiency and complexity need to be clarified in transformation
applications. It should also be noted that the deformations in datasets or the misalignments
between two road networks are non-systematic and therefore it is unrealistic to transform all
features by one global function. Instead, each feature needs an individual treatment in an
optimal way.

2.3.2 Incomplete matching measures

The matching measure decides the certainty of the correspondence. The common
measures for matching approaches introduced in Section 2.1.2 are not sufficient for spatial
features. For instance, the ICP chooses the closest point as the matching measure, but it can
be misleading for well-structured spatial features. The distribution patterns of spatial objects
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with natural or artificial structure are too diverse to be modelled in a single way. No versatile
measures exist yet to effectively describe the similarity between the features and preserve
their inherent characteristics. To choose or (re)define such measures remain the demanding
task for matching approach.

Both the correspondence and the transformation parameters are unknowns of the
matching system, but they are interconnected with each other (Chui, 2001). If we know the
exact correspondence, the transformation is a simple least-square problem, and vice versa.
However, the high dimensional parameter space for both correspondence and transformation
has complicated the handling of the non-rigid feature matching approach. In practice, it is only
possible to get approximations by means of additional constraints or regularized parameters.

2.3.3 Outliers (Robustness, Uncertainty)

One of the important preconditions of the matching approach is the equal or similar
density of the datasets to be matched. However, it is not always the case for spatial data
conflation, especially for the matching between road network and satellite image. From the
discussion in Section 2.2.1, the road features in image are often disturbed by noise such as
shadow, tree etc., which make them difficult to recognize and only fragments of road are
discernable from the image. The performance of matching algorithm may drop further with the
increasing noise or outliers in the dataset. This may lead to unstable and uncertain matching
results. Under extreme conditions, for example, if the discrepancy between the two datasets is
beyond a reasonable range, no reasonable solution can be achieved.

The matching or conflation quality relies obviously on the data quality. This thesis is
focused on the strategy of increasing the stability of the matching approach, not the extraction
ratio of the features from image.
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Chapter 3

Curvilinear Road Detection and Denoising

3.1 Objectives

The decisive factors of the conflation approaches are the matching strategies and the
quality of the spatial datasets. The feature-based strategy, for instance, relies on accurate
geometric information. Both the point- and line-based matching approaches make use of the
geometric or topological characteristics to compute the correspondences. In this chapter we
discuss the generation of spatial data supported by our hybrid conflation approach. Two data
sources - orthoimage and road networks are considered.

The point-based conflation approach which inherits the advantages of point matching
algorithm has proved suitable for the road-to-image conflation in numerous practical
applications (Liu and Wei, 2004; Jian and Vemuri, 2005; Chen et al., 2006; Song et al., 2009).
The point clusters can represent different shapes around road intersections in 2D or even in
3D environments. Moreover, the point-based approach avoids the extraction process of line
features which may miss many reliable road segments, but the detection of point features
from the image is a challenging task which runs the risk of introducing much noise to the
matching algorithm. The regularization treatment is therefore necessary in order to get
reasonable results (Myronenko, 2010). The point-based approach has another advantage of
having simple correspondences. A point from one dataset has either no or only one
counterpart in the other dataset.

The line-based matching method is a natural extension of the point-based approach.
However, the quality of the extracted lines influences dramatically the performance of the
matching algorithm. As we have discussed in Chapter 2, different solutions have been
presented in several research works (Barrow et al., 1977; Borgefors, 1988; Walter, 1996;
Conte et al., 2004; Wu et al., 2007; Zhang, 2009). The line-based approach has the
advantage of utilizing the accurate topological information which enables an incremental
matching strategy, and it is suitable for road features spreading over the entire area and for
the matching algorithm with homogenous data sources, for instance, road network to road
network matching approach.

However, for heterogeneous data sources, it is difficult to acquire the reliable road
topology from the image, and current feature detection approaches can only provide edges of
road and need information from the partner dataset to increase the matching reliability. One of
the challenging problems is related with the integrity and uncertainty of the datasets: the road
features in the vector database have correct topology but ‘wrong’ locations in the image;
whereas the extracted features from image have correct position but carry little geometric
information and much noise. Therefore, the vector database and its image have to mutually
benefit from each other in order to correct the misalignments and reconstruct the geometry of
the extracted features.
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Keeping the importance of the spatial datasets in mind, we generate two different spatial
datasets from the image and land parcels respectively to conflate with the road from a
navigation database which has a high topological accuracy. The extracted data from land
parcels has better topology than the extracted features from the satellite image, and the
proposed conflation model will be tested using both datasets so as to verify the feasibility of
the model.

3.2 Road Extraction from Geo-Referenced Image

3.2.1 Extraction of primitives from image

In spite of the considerable progresses in recent research works and the widespread
availability of Very High Resolution optical image, the road detection from the image remains
a challenging task (Rottensteiner, 2009). The various existing approaches share the common
techniques that make use of spectral, geometric, topologic, and contextual properties of roads
(Fortier et al., 2001). The linear operator, e.g. Steger operator (Steger, 1998), Canny operator
(Canny, 1986) is usually the starting step for the extraction of linear primitives followed by a
grouping procedure based on geometric criteria such as width, length and curvature
(Wiedemann and Hinz, 1999) or spectral criteria such as the NDVI (Lacroix and Acheroy,
1998). But it should be pointed out that the line operators have limited performance when they
only work with low-level vision models where the roads with two parallel edges in the noisy
image can be hardly detected. Therefore, clues from high-level vision models, such as shape
model etc. are required (Papari and Petkov, 2011). Instead of pursuing a perfect road detector,
we propose an Elastic Circular Mask (ECM) detector to generate the road candidates as
shown in Fig.3-1.
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Fig. 3-1 The workflow of road detection from image

-32-



Assume the road network in GIS database is a graph modelR={v E}, where V e{v,,v,---v.}
and Ecfe.e, e} represent the road crossings and road segments respectively. The
conflation needs the reliable features from the target image I : either point features
Pe{p.p,p,} Such as intersections or curvilinear features sec{s;,s,---s,} such as road

segments.

To avoid the confusion, the end points of a road segment in the road network are referred
to as nodes, whereas the end points of the extracted line elements from the image are defined
as vertices. The intermediate points of a road segment or extracted line element are termed
as shape points.

Roads in VHR image are reflected by their geometric and radiometric characteristics
which have stimulated the development of various detection algorithms. However, the
complete road objects can rarely be detected due to the existing noise. In most cases, only
separate road fragments can be extracted. Moreover, linear structures from other object types
such as building outlines have similar geometric and radiometric characteristics and can
therefore be wrongly detected as road candidates. Fig 3-2 shows an example of the edges
detected by Canny operator: the road has rarely the parallel boundary and the objects with
parallel boundary are not always roads. Moreover, the zebra crossing and vehicles on the
road are also detected as linear features, and the edges are frequently broken. Additional
grouping algorithms are needed to filter out the noisy candidates. In short, the road segments
that represent only a small minority among the edges are difficult to be distinguished from
other features.

Fig. 3-2 Edges in red in the optical image

The geometric character of the edges can be employed as a useful indicator for objects
with regular shapes. Features in VHR image with straight or curve edges on one or both sides,
for instance, are possible road candidates. The road surface presents a homogenous
radiometric intensity. These characteristics can be used in our ECM detector.
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Edges in an image are located where there is a large radiometric difference to both sides
and they contain a lot of tiny segments which may be missed during the grouping procedure.
The width threshold for the road detection can be empirically preset as 1/3 of the lower bound
of road width. Along the normal directions of the edges, a searching algorithm can most
probably detect road features. For this purpose, a potential edge matrix is created for the
filtered edges with intensity values used to find the correspondences as shown in Fig. 3-3.
The intensity value of zero means non-edge pixel. The searching process starts from the
normal direction of each potential edge, where the normal direction is computed from the
pixel's neighbors on left and right, and it continues until the maximal road width i.e. width
threshold is reached or it meets other edge pixels. The former case means that there is no
valid road edge as the candidate, whereas the latter means a connection between two pixels
can be established and the middle point of this connection is the potential counterpoint of the
road. The searching process is repeated until all edges from the matrix have been traversed,
thus, all the possible road counterpoints have been identified.

The searching procedure requires the maximal and minimal road width as control
parameters. Fig. 3-3 demonstrates the searching procedure as well as its propagation to other
pixel candidates of an extracted edge. The pixels of edge candidate (Fig. 3-3 left) have been
labelled with its ID (Fig.3-3 right). The longest edge in the region is the searching start, and
except the ends of the edge, each pixel is the point to probe new connection to the
neighboring edge using the normal direction. We selected randomly three probing points with
edge ID ‘1’ to show the relationship to other edges.

1 |~
1 2
1
1
1 2
1
1 3
1 -3
1
1
a|a
» -
4 1 3

Fig. 3-3 Edge pixels (left) and potential edge matrix with normal directions (right)

The individual centre points between two opposing edge pixels infer the possible road
area. Around each centre point, a circular region can be constructed whose diameter indicates
the road width. However, the noise in image may cause some irregular changes of the
diameter along different edge pixels. It is one of the reasons for us to adopt an ECM detector
with a radius between a minimal (w,, ) and a maximal (w__) value. Fig. 3-4 illustrates the idea

of ECM which can also handle gaps on edges.

- 34-



Wmin < Ri< Wmax

——————— Central line

Fig. 3-4 Elastic Circular Mask (ECM) detector

Being guided by the geometric properties, we may determine road candidates among the
extracted low-level edges. By connecting the neighboring circular masks, longer linear regions
can be generated. We term this as a grouping process during which the edge ID and the
curvature are used as two control parameters. The road is divided into different parts if the
curvature is larger than a preset threshold; otherwise, the circular masks with identical edge
ID belong to the same road segment. However, the centrelines through the connected centres
of masks are still noisy and contain some non-road features in the image. On the other hand,
the ECM detector may also miss some road candidates because it only chooses the normal
direction of the edges as the possible searching direction. Some areas such as those covered
by shadows are not included in any circular mask. If the road segments are extended on both
sides, the coverage ratio of the road surface can be enlarged and some noise on the road
eliminated. Although the spatial extension is not always stable and could introduce wrong
candidates, it may lead to the generation of the candidates of possible intersection areas. As
shown in Fig. 3-5, the initial detected road lines and the extended parts are visualized with a
colour bar which indicates the ratio of average intensity in each centre segment and also for
both sides, where the intensity baseline is 255. The grouping procedure, which will be
discussed in Section 3.2.2, is necessary.

10.6

10.45

Fig. 3-5 Extended road areas from the road candidates
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In spite of the noisy segments in current results, it is already one important step further
from the edge primitives towards the road objects. We summarize the entire process as
follows.

Algorithm 3-1 Extraction of Linear Region
Input parameters:
1) Edges detected by the edge operator;
2) Minimal and maximal road width [L ., L . 1;

3) Extension threshold [E

Output:
1) Road segments with extended parts S ;
2) Connection matrix for road segments | ;
Steps:
1) Search along the normal direction of all edge pixels in the potential edge matrix and
get the possible circular masks;
2) Grouping the circular masks to create the centrelines of road segments;

3) Extend the segments to their maximal length by the threshold E

max ]

max ’
4) Record the intersecting segments and discriminate between the intersection and
common connection.

In the above process, the curvature in the road segments can be ignored. But once the
segments are connected, the curvature should be considered. Otherwise errors may be
introduced in the feature matching procedure. The connection of the centrelines of roads from
ECM detector to reach the maximal length needs the estimation of the curvature which can be
described in Rueda et al. (2008) as:

8S
(o) 85 (3-1)
(P) 482 +C,?2

Where Kis the curvature; pis point position; C, represents the so-called c-scale element

(Rueda et al., 2008); S is the distance from the shape point p to the c-scale element.

The curvature definition was used also in the road decomposition algorithm in Chapter 4.

After the curvature estimation, the detection algorithm chooses approximately the two end
points to reinitialize the direction of the extended line if the maximal curvature is less than
certain threshold. The curvilinear regions found by ECM detector usually are only parts of a
road because of the existing noise. Comparing to the vector road database, the centre lines
detected from satellite image are still very fragmental and many times in number as road
objects in the vector database; moreover, the performance of the matching algorithm tends to
deteriorate on datasets with outliers. The number of centrelines can be reduced if more
information such as the radiometric characteristics and the perceptual factors that determine
the course of roads are utilized to chain the centrelines into longer segments. The post-
processing procedure aims to reduce the number of road centrelines from image to nearly the
same number to road objects in the vector dataset which has more accurate topology, thus
facilitate the subsequent matching efficiency. We choose the Genetic Algorithm (GA) which
has many applications in image processing to integrate various characteristics of road
features (Jeon et al., 2002; Jia et al., 2008). The GA has two functions: 1) grouping the
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fragmental road centrelines; and 2) remove noisy segments by means of the radiometric
property. By chaining and extending road centrelines, the spatial relationships among the
extracted centrelines can be constructed and serve as essential clues for the matching
algorithm. In the reality, it is difficult to ensure the same number of road segments in both
datasets, so we propose later the so-called Sparse Matching Algorithm (SMA) to estimate the
correspondence for the imbalanced datasets using the results from the GA grouping method.

3.2.2 Chaining of fragmental centrelines

Among the extracted linear centrelines, some non-road elements, e.g. buildings, trees, are
involved and need to be eliminated, and the remaining road candidates will then be connected
as much as possible into road networks. GA is a heuristic searching approach to generate
optimal solution for noisy dataset. An introduction about GA can be found in Goldberg (1989).
Jeon et al. (2002) reported the extraction of roads from Synthetic Aperture Radar (SAR)
image using GA based on a region-growing strategy. Two modifications are conducted in our
context to simplify the difficulty: 1) the chromosome initialization of the starting road features;
2) an improved fitness function with more strict perceptual parameters.
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Fig. 3-6 The dataflow for filtering and chaining the line elements

The workflow of GA in Fig. 3-6 contains three main steps: the Chromosome initialization,
fitness function and evolutionary rules. In the evolution process, the computation repeats until
the preset conditions are fulfilled, so the result of GA is the optimal outcome from the
searching space in terms of fitness, although it does not traverse all the combinational
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possibility of the searching space, because the enumeration of all the combination from one
candidate to the rest in the group is impossible in a large scale dataset. GA only considers the
limited number of all possible combinations in the evolutionary process.

(1) Definition of chromosome

In GA we set the length of the chromosome the same as the number of centreline
candidates and each bit of the chromosome represents the individual centrelines with a binary
value O or 1. Since the features from the vector database provide the prior knowledge, their
corresponding linear centrelines from the image are usually located inside the buffer (we
choose 200m as the width for buffer), furthermore, the longest lines are selected as seeds of
the chromosome. Other lines may or may not be connected to these seeds. The probability 1
indicates the capability of connection to the seeds, whereas 0 means the impossible
connection.

(2) Fitness function

Both geometric and radiometric characteristics are considered in the proposed fithess
function. Here the proximity function P indicates the closeness between two centreline
candidates in Eq. 3-2. The |, is the minimum distance of the two neighbors, D is the scale-

independent density of the base feature, and R is the minimum distance between two
neighbors.
|2

= min 3'2
2DzR’ (3-2)

The second parameter is the length of the candidate. The normalized length L is
expressed as the probability function:

| ]
L, ——m?x{lj} (3-3)

The third parameter is the colinearity C of the candidates, which has been recognized by
Jia et al., (2008) as the key factor for the grouping procedure, T is the threshold for acceptable
angle @ of the difference:

0 .
1-=with@ [0, T
co T wi €[0,T]

(3-4)
0 with >T

The fourth parameter is the spatial relationship O between the candidates. It means the

overlap ratio if they project to each other, Oij is the length of the overlap and A(l;,[;) is the

sum of the length of both segments:

Oij
o-1"aqy o7° (3-5)

0 else

Fig. 3-7 shows the closeness, colinearity and overlap for a specific road object PP, , the
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proximity between L, and L, and the noisy features L, andL,.

_______ - :Boundary of
influenced area
- :Searching Range
at a vertex of line «—— :Length of the
overlapped section

»=——= :Features from image

o———+o :Road from database

feature

Fig. 3-7 Geometric parameters of the fitness function

The last factor is the intensity S of the candidates. It is the average radiometric value | of
linear region or the road surface in the image with M xW pixels:

M W

N h 22
S = ,Z_;WI where  h =—m=1l\v/“|:\;v (3-6)

The fitness function is defined as a linear combination of these five factors. If N is the
number of chromosomes with 1s, the fitness will be

F :ZN:fi/N (3-7)

with  f, = max(aP + Sl + kC + yO +7S)
J

where «, S,x,7,n are the weights for different probability functions and their values are
predefined according to the empirical values of the road characteristics. We choose
a=03,4=05x=1.057=057nr=10 respectively in the experiment to make sure the orientation

has the first opportunity.

(3) Evolutionary process

The evolutional process of GA is realized by selection, crossover and mutation. In each
generation, it simply selects half of the population with higher fithess values, and the selected
individuals can generate the children by separation and connection of their chromosomes, so
the new individuals and the selected individuals are the ingredients of new generation, where
the new individual keeps the genetic diversity by mutation with predefined probability in the
test.

-39-



In the experiment, we set three termination conditions for the evolution: 1) when it reaches
the maximal number of generations i.e. 100 iterations; 2) when the maximal fitness of the
population remains constant in last 15 generation; 3) when the individual with maximal fitness
has already the same length of the prior road segment. In this way, the GA produces the
optimized solution with values equal to 1 in the features.

3.2.3 Efficiency evaluation

In order to evaluate the efficiency of the extraction and grouping results, we test the
proposed approach with a small dataset here, and a comprehensive verification will be
presented and discussed in Chapter 5. In this simple experiment, there are only several road
segments and intersections in the image (Fig. 3-8, a), and the noise is also kept limited.

= =06

b oz

b) Grouped road centrelines

Fig. 3-8 Linear road segments before (a) and after (b) the grouping process
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The road centrelines are extracted using Algorithm 3-1 with the initial parameters, and
there are 48 extracted candidate segments in total. In the grouping process using GA, 100
iterations as the maximal generations are chosen as the termination criteria, other criteria are
the same as described in Section 3.2.2. Moreover, the length threshold of 30 meter is set to
filter out the short line. There are only 21 road segments left (43.8%) after the grouping
process. Fig. 3-8 shows the results before and after the grouping, and the colour indicates the
ratio with respect to the longest lines in the area.

Premature is a common problem of the GA algorithm, but it performed quite well in this
case, and it became stable after 50 iterations, which indicates that the fitness functions are
suitable for the chaining neighbor lines.

~@~Fitness for Line 1
—— Cubic Fit for Line 1
@-Fitness for Line 2

Cubic Fit for Line 2
E ~@~Fitness for Line 3
| —— Cubic Fit for Line 3

10 20 30 40 50 80 70 80 80 100
Generation

Fig. 3-9 Efficiency of GA for chaining line segments

Fig. 3-9 illustrates the fitness values of each generation for the top 3 lines with longest
lengths, and it is clear that the value is almost stable at the end of iteration, which indicates
the searching result is the optimal in the traversed searching space, and the further searching
IS not necessary.

In the experiment, 56.2% of the extracted candidate centrelines are filtered out, but the
remaining centrelines are still quite fragmental for a common matching algorithm. Therefore, a
special matching approach is needed to deal with the outliers.
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Fig. 3-10 Time cost and the number of neighboring lines in grouping

In the experiment, the time cost depends on the number of the related lines located on
both sides of the current segment. If there are no related lines, the current segment remains
and it requires a minimal time (0.2 second). If there are related lines, more time (34.7 second
in average) is consumed in the searching process, and it is proportional to the number of
neighbors.

3.3 Road Extraction from Land Parcels

3.3.1 Overview

The extraction of road features from image cannot yet satisfy the requirements for the
matching algorithm because of the too low extraction ratio by the up-to-date detection
algorithm (Rottensteiner, 2009; Poullis and You, 2010), although certain improvements can be
reached, for instance, with help of the GA grouping. Other available spatial datasets can
therefore be adopted as optional choices to derive road segments. We generate the road
network from a database of land parcels, which is an important spatial data for the derivation
and enrichment of road data, because the cadastral dataset usually has higher currency
(Zhang et al., 2010). The quality of the extracted road from land parcels proves better than
that of road segments from image, but lower than the road network in a navigation database.
Fig. 3-11 demonstrates three land parcels (polygons) and three road centrelines (dot line).
The space between the parcels is the road area. The centrelines can be computed using
visual perception criteria. In this section, we use the modified straight skeleton operator to
automatically derivate the road centreline. The skeletons are linear representations reduced
from generally elongated patterns.

- 42-



Fig. 3-11 Land parcels and road centrelines
A ‘good’ skeleton should satisfy the following criteria (Klette, 2003; Hu et al., 2007):

1) Being cantered inside the original shapes;

2) Conforming to human perceptions of the original shapes;
3) Being efficiently computable;

4) Being robust against noise and geometric transformation;
5) Having low complexity, but with high automation.
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Fig. 3-12 Shape decomposition and skeletonization of an irregular shape

The existing skeleton algorithms can hardly satisfy all these criteria. Most of them suffer
from some incomprehensible artifacts which need extra information or other constraints to get
pruned, and the noisy boundary is an important cause of the artifacts. Any subtle noise or
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fluctuation of boundary may result in redundant skeleton branches that may seriously disturb
the topologization of the skeleton (Adluru, and Latecki, 2009). Shape decomposition can
divide the noise into different regions, so the pruning step can get more prior information from
the shared edge. These measures may help to create results that suit human perception
better. Fig. 3-12 shows an irregular shape and its skeleton.

We compared three different skeleton operators i.e. Medial Axes (MA), Straight Skeleton
(SS) and Triangulation Based Skeleton (TBS) (Zhang et al., 2010). They are fairly stable in
small scale computation, but the result from Straight Skeleton algorithm is best suitable for the
road network, where the smooth curves are approximated by short straight lines.

3.3.2 Shape decomposition

Shape decomposition is an efficient solution for large-scale computation, especially in GIS
with very large number of features. Regardless of the difference between the man-made
features (such as road, building) and natural features (such as river, forest), the topology is
one of their common characteristics. The skeleton can be utilized to simplify the shape of the
feature or to generate the centreline of the road (Haunert and Sester, 2008). Similar to the
results from Cordella et al. (2000) and Siddigi & Kimia (1995), (Cohen and Singh, 2007)
demonstrated in a recent study on human perception that negative minima of contour
curvature affect the observers’ identification of contour segments in highest degree.
Additionally, segment identification is determined by the contour length, the turning angle at
part boundaries and the width at the part's base. For Straight Skeleton approach, the reflex
and sharp angles on the boundary can influence the performance significantly, and therefore
they should be regarded as noise and reduced during the shape decomposition.

Let V ={v,V,,---v,} be a set of vertices of a polygon P, and E ={e,e,,---e,} a set of

edges with ¢, being the length of the edge from vertexv; to v, , but e, is from vertex v, to v, .
Usually, the noisy edge can be described as the length ratio between two neighboring edges

o €. . . .
through a specific vertex, R = {rl, r2,---,rn} , I =21 and only the short edge with noise ratio
ei

around 1 consider as the noise vertex candidate. The protrusive candidate vertex list
L={I1,I2,I3,---,In} for the shape decomposition is computed from the negative minima of

contour curvature and the reflexive vertex.

Two categories of vertices are selected as candidates for decomposition: 1) Vertices with
the negative minima of contour curvature; 2) Reflex vertices. The local curvature extreme is
derived from the differences in average orientation between two neighboring vertices (Siddiqi
& Kimia, 1995), whereas the smooth edge can be evaluated by the second-order shocks
(Kimia et al., 1995). Siddigi’s method is modified in our case because we use straight line
shape instead of smooth curve. Fig.3-13 shows the curvature and local extreme of each
vertex in Fig.3-12.
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Fig. 3-13 Curvature and local extreme of vertices on the polygon in Fig. 3-12

The small noise on the edge can have great influence to the skeleton results, and it should
also be excluded in the candidate vertex list. The noisy edge has two characters: 1) shorter
than the pre-set threshold, and 2) the neighboring edge is also short. So we define the noise
as:

Definition 3-1 Edge e, on polygon P is noisy if its length is shorter than a specific threshold
and the ratio r is near to 1.

In this thesis, the reflex vertex v with the permitted ratio r =10% has been used as the
threshold, and Fig. 3-14 shows the relationship among the curvature, ratio and the edge
length.
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Fig. 3-14 Interior angles, ratios and lengths of the edges
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Intersections or intersection regions (Zou and Yan, 2001; Tang and You, 2003; Haunert
and Monika, 2008) play a significant role in the pruning procedure, and we choose the typical
intersections as the prior knowledge, which includes UV pattern, cross pattern, T pattern, K
pattern, X pattern, V pattern, Y pattern and two randomly selected intersections from the test
area. Some of the skeleton results are demonstrated in Fig. 3-15. The selected intersections
are included in our test with geographic coordinate system.

In the results, the Medial Axes produces smooth change for reflex angle, and it has the
same result as Straight Skeleton if the shape is convex. The Straight Skeleton provides the
best approximation to Medial Axes in case (2-1) and (2-2). The TBS creates strange skeleton
because the 0-edge triangle inside the shape has great influence on the main skeleton (1-3, 2-
3) for highly symmetric shape. For the shape with no prior knowledge, the triangulation-based
skeleton (3-3) can provide more details in the skeleton, depending on the sampling points on
the edges.
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Fig. 3-15 Skeleton results created by three different operators for typical intersections

The stability of these operators for small test dataset is fairly good, but their computing
efficiency varies largely from one other. In general, the Medial Axes has low efficiency for the
construction of smooth arcs. The Straight Skeleton and the TBS have similar performance, but
the computing time of Straight Skeleton is related with the number of reflex vertices in the
original shape. The relative computing performances of the operators for the typical
intersections are summarized in Table 3-1.
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Table 3-1 Computing performance (in millisecond) for typical intersections

ID | Intersection | Number | Number | SS | TBS MA
pattern ver(t)ifces re?ltax (ms) | (ms) | (ms)
angles
1 \Y 6 4 1.3 0.7 95.1
2 uv 7 1 1.9 0.9 | 101.0
3 T 8 2 2.3 0.9 |1188.6
4 Y 9 3 1.8 0.9 | 164.7
5 K 11 4 2.7 1.0 | 280.9
6 Cross 12 4 5.4 8.2 |1028.3
7 X 12 4 2.4 1.1 | 499.6
8 Randoml 23 6 4.7 1.9 |1027.4
9 Random?2 47 21 12.1 | 3.4 ]4941.9

Algorithm 3-2 Shape Decomposition Algorithm (SDA):

The entire vertex set V of the polygon and the protrusive candidate vertex setL are the
input. The vertices in L are traversed one by one. For each vertex being treated, its distances
to other vertices in L are computed and sorted in ascending order. Two rules should be kept
to compute the new edge which divides the shape: 1) the new edge should not be one of the
edges in original shape, and 2) the new edge should have no intersection with any edges. The
edge is constructed if it fulfils the requirements and the vertices delimiting the edge are then
marked as used. This procedure goes on with the next unmarked vertex in L until no further
vertex remains.

Fig. 3-16 shows the results from the above algorithm: the green square markers are the
protrusive vertices, whereas the dash lines in brown are the new constructed edges. The
constructed edge is a connection between two vertices which are not neighbors in the original
shape. Each sub-region after decomposition can be then skeletonized without or with less
artifacts.

Fig. 3-16 Shape decomposition (left) and skeleton (right)
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The decomposition divides the shape into several sub areas, and then we define the new
shape by the generated new edge. Three types of the new shape are defined by their
connections:

1) Terminal region which contains only one new constructed edges, others are the edges
from original shape;

2) Connection region which has two new constructed edges, and it can be deemed as
passage among the neighbors;

3) Intersection region: which has more than two new constructed edges, and it is the
difficult part for skeleton algorithm, because it can be a very complex intersection in the
road network. Usually it is located around the road intersections, and there are many
examples in Fig. 3-17.

3.3.3 Extraction of road segments using straight skeleton algorithm

The straight skeleton is a mathematical structure that is defined by tracing the corners
shrinking at each vertex of the shape. Edge event and split event need to be treated properly
during the shrinking procedure. In the section, we firstly modify and implement the straight
skeleton algorithm (Felkel and Obdrzalek, 1998), and then prune the skeleton for each
decomposed polygon.

Similar to other skeletonization methods, the straight skeleton algorithm may produce
some artifacts such as spurious skeleton branches. Haunert and Sester (2008) presented
their method to prune the skeleton by the defined road axes, which is effective when the
shape contains long straight edges. We modify their method for the decomposed regions. In
spite of the different definition of the road for cadastral administration and the navigation
applications, we define the road centreline as the skeleton of the parcel in order to get the
centreline network instead of the isolated skeleton.

Definition 3-2 The road centrelines from the parcels should satisfy the requirements:

1) Road centreline is the approximated line, which is located between two or more
parcels;

2) Each parcel is enclosed by the generated centrelines, except the border of the test
area,;

3) The road centreline of a present parcel is connected with those from the nearest
neighboring parcels in all directions. The connect centrelines reflect the intersection
region after decomposition;

4) The centreline of a parcel keeps the direction when it is connected to the centreline of
the neighboring parcels.

The long straight edges characterize the road network, but skeletonization will become
complex in urban area, especially around intersections. After the decomposition, spatial
relationships are set up between the neighbor polygons via the shared edges. The shared
edges can be also used as the prior information to reconstruct the connection of the
decomposed polygon. The topology reconstruction algorithm based on Definition 3-2 can be
summarized as follows:

Algorithm 3-3 Topology Reconstruction Algorithm (TRA) based on shared edges for skeleton.

The inputs of this algorithm are edge set E, decomposed shapes P and the set of shared
edge E . The Straight Skeleton K of the shape p,is firsty computed, then the standard

- 48-



deviations between ratios of edges in E and E are calculated in order to estimate the main
direction of the shape. In each polygon in P, three constrained rules are used to control the
reconstruction process: 1) mean slope difference between E and computed skeleton K, 2)
the standard deviation of the skeleton, 3) the shapes which do not fulfil the above rules. The
candidate segments connecting to the shared edge are selected from the skeleton by

computing the shortest distance between the vertices of the skeleton and shared edge E .
This selection process is controlled by the above rules. However, there are some exceptions
where the shortest connection intersects with the skeleton or shape. In this case, the original
skeleton is kept. The skeleton segments on both sides of the shared edge are smoothed by

minimizing the difference of their orientation, and the output is the reconstructed skeleton K .

This algorithm assumes that the skeleton is reasonable if the mean slope difference
between polygon edges and skeleton is less than the threshold (30 degree in the experiment),
but the input skeleton contains some artifacts and may influence the mean ratio. Therefore,
the mean ratio is chosen only if the standard deviation o of the polygon is small (2o in the
experiment). It firstly uses the shared edge to approximate the skeleton, but it keeps the
original skeleton if it fails to use the shared edge.

In facts, the reconstruction results from the straight skeleton are rather reasonable except
the artifacts, and we may detach the artifacts in order to keep the skeleton. All the lines in
skeleton which have connection to the shared lines are kept; otherwise the lines will be
deleted.

Algorithm 3-4 Skeleton Pruning Algorithm (SPA): The pruning algorithm for detaching the
artifacts in the computed skeleton.

Inputs of the algorithm are the computed skeleton K of the decomposed polygon and the

shared edge E . The valence for each vertex in K is calculated after the topological
reconstruction from algorithm TRA, and then added to the vertex setV . The vertex is marked

as shared vertex if it is on the shared edge E . After finding the edge set of skeleton K and
relating it withV , the vertex from V is selected if it has more than three connections. Each
edge of the selected vertex is evaluated and kept if it connects to the shared edge or has
inside loops, otherwise it is marked as artefact and pruned.

The vertex with only one connection is the possible start of the artifact or connection to
neighboring polygon. It is always true if the shape can be perfectly decomposed, but the dead
lock roads are exceptions. Fig. 3-16 shows the detached branches in dash line. Terminal
region and connection region can be simply recognized by their location, but the intersection
region is more complex. As noted in (Zou and Yan, 2001; Haunert and Sester, 2008), the
intersection region is the most complex part due to the flexible shape of the intersection itself.
Complex intersections are also very common in real road networks. The non-processed
skeleton created by TRA and SPA algorithms can be kept, although they contain some
unreasonable results.

3.3.4 Reconstruction of road network

Here we demonstrate the reconstruction results of road network for the selected test area
which is part of the city Barcelona and only the parcels are provided. There are 743 parcels
covering an area of 12 km?. Fig 3-17 shows the test region, and it includes part of the new and
old town which reveal different patterns. The grey areas are the parcels, whereas the
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decomposition results, i.e. the areas among the land parcels, are classified by the number of
the constructed edges. In total there are 1434 decomposed polygons.

Using SDA, the entire road area is decomposed into 91 (6%) terminal regions (Conn 1),
774 (54%) connection regions (Conn 2), 556 (39%) intersection regions (Conn 3 or more), and
13 (1%) isolated regions (Conn 0), which has no connection to the network, and usually the
isolated region is at the border areas. The connection region (Conn 2) and the intersection
regions (Conn 3 or more) dominate in the test area.
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Fig. 3-17 Results of shape decomposition

Among these regions, the intersections are the most difficult part to be skeletonized. 24%
complex intersection regions cannot be classified as the typical intersections (ID 1~7) defined
in Table 3-1. Therefore, only 76% intersections from the test area are treated.

The decomposition procedure takes the typical intersection patterns described in Table 3-
1 as prior knowledge, so the decomposed results skip the protrusive vertices in such
intersections. During the decomposition procedure complex 2D shapes are converted into
smaller areas, which lead to a reduced complexity of the skeleton computation, and some
additional information for the pruning procedure is obtained. With help of the prior knowledge
of the road network, the shared edges can be used as constraints to construct the topology of
the entire network. The results are smoother and more favourable for human perceptions.

SPA and TRA are used to generate the pruned and reconstructed topology for the
decomposed regions, and then the skeleton of the neighboring regions is connected via the
shared edges. The minimal distance between the shared edge and the skeleton is the new
approximated skeletons, and an example of this skeleton type is shown in Fig. 3.16(right) with
the solid blue line.
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Fig. 3-18 Generated centrelines in the test area

Fig. 3-18 shows the final result of the test area. The centrelines are well detected in the
new city area with regular shapes, but the intersection regions still have some problems. In an
enlarged part of the test area as shown in Fig. 3-19 (the rectangle with dot line in Fig. 3-18),
the details between the new and the old town are compared.

There are also some complex regions with irregular shapes. The TRA chooses the results
directly from the Straight Skeleton algorithm as the final skeleton, but the dead-end segments
are rejected.
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Fig. 3-20 Distribution of unsatisfactory results marked in red

Fig. 3-20 shows the distribution of the problematic regions marked in red. The solid lines
represent the generated road network. The old town proves more problematic than the new
town, and region in the border area is also more sensitive because of their fewer constraints
during the reconstruction process.

Table 3-2 Correctness of each types of region

Correct Incorrect

Terminal region 84 (92%) 7 (8%)

Connection region 768 (99%) 6 (1%)

Intersection region 529 (95%) 27 (5%)
Total: 1389 (97%) | 40 (3%)

Although the topology of the road centreline is reasonable, some unwanted connections
still exist within the intersection region. Table 3-2 shows the relative correctness of the
skeleton results in the decomposed regions.

3.3.5 Efficiency evaluation

The computing efforts include the decomposition, skeletonization and skeleton pruning.
The skeletonization runs in O(nm log ), the same as reported in (Felkel and Obdrzalek,

1998), where n denotes the total number of polygon vertices and m is the number of reflex
ones, and the most time consuming part is to deal with the reflex vertices. In the worst case,

the decomposition runs in O(?), but definitely the number of the vertices with negative
minima of contour and reflex angle is definitely less than n. The skeleton pruning also runs in
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