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Abstract

Despite advances in ground-based Mobile Mapping System (MMS), automatic feature re-
construction seems far from being reached. In this thesis, we focus on 3D roadmark re-
construction from images acquired by road looking cameras of a MMS stereo-rig in dense
urban context. A new approach is presented, that uses 3D geometric knowledge of road-
marks and provides a centimetric 3D accuracy with a low level of generalisation.

Two classes of roadmarks are studied: zebra-crossing and dashed-lines. The general
strategy consists in three main steps. The �rst step provides 3D linked-edges. Edges are
extracted in the left and right images. Then a matching algorithm that is based on dy-
namic programming optimisation matches the edges between the two images. A sub-pixel
matching is computed by post processing and 3D linked-edges are provided by classical
photogrammetric triangulation. The second step uses the known speci�cation of roadmarks
to perform a signature based �ltering of 3D linked-edges. This step provides hypothetical
candidates for roadmark objects. The last step can be seen as a validation step that rejects
or accepts the candidates. The validated candidates are �nely reconstructed. The adopted
model consists of a quasi parallelogram for each strip of zebra-crossing or dashed-line. Each
strip is constrained to be �at but the roadmark as a whole is not planar.

The method is evaluated on a set of 150 stereo-pairs acquired in a real urban area under
normal traf�c conditions. The results show the validity of the approach in terms of robust-
ness, completeness and geometric accuracy. The method is robust and deals properly with
partially occluded roadmarks as well as damaged or eroded ones. The detection rate reaches
90% and the 3D accuracy is about 2� 4 cm.

Finally an application of reconstructed roadmarks is presented. They are used in geo-
referencing of the system. Most of the MMSs use direct georeferencing devices such as
GPS/INS for their localisation. However in urban areas masks and multi-path errors corrupt
the measurements and provide only 50cm accuracy. In order to improve the localisation
quality, we aim at matching ground-based images with calibrated aerial images of the same
area. For this purpose roadmarks are used as matching objects. The validity of this method
is demonstrated on a zebra-crossing example.

Keywords: Photogrammetry, Computer vision, Mobile mapping system, Edge match-
ing, 3D reconstruction, 3D modelling, Image-based georeferencing, Road, Roadmark, Zebra-
crossing, Dashed-line.





Résumé

Malgré les récentes avancées des Systèmes de Cartographie Mobile, la reconstruction automatique
d'objets à partir des données acquises est encore un point crucial. Dans cette thèse, nous nous in-
téresserons en particulier à la reconstruction tridimensionnelle du marquage au sol à partir d'images
acquises sur le réseau routier par une base stéréoscopique horizontale d'un système de cartographie
mobile, dans un contexte urbain dense. Une nouvelle approche s'appuyant sur la connaissance de la
géométrie 3D des marquages au sol est présentée, conduisant à une précision de reconstruction 3D
centimétrique avec un faible niveau de généralisation.

Deux objets de la signalisation routière horizontale sont étudiés : les passages piétons et les lignes
blanches discontinues. La stratégie générale est composée de trois grandes étapes. La première
d'entre elles permet d'obtenir des chaînes de contours 3D. Les contours sont extraits dans les im-
ages gauche et droite. Ensuite, un algorithme reposant sur une optimisation par programmation dy-
namique est mis en œuvre pour apparier les points de contours des deux images. Un post-traitement
permet un appariement sub-pixellique, et, les chaînes de contours 3D sont �nalement obtenues par
une triangulation photogrammétrique classique. La seconde étape fait intervenir les spéci�cations
géométriques des marquages au sol pour réaliser un �ltrage des chaînes de contours 3D. Elle permet
de déterminer des candidats pour les objets du marquage au sol. La dernière étape peut être vue
comme une validation permettant de rejeter ou d'accepter ces hypothèses. Les candidats retenus
sont alors reconstruits �nement. Pour chaque bande d'un passage piéton ou d'une ligne discontinue,
le modèle est un quasi-parallélogramme. Une contrainte de planéité est imposée aux sommets de
chaque bande, ce qui n'est pas le cas pour l'ensemble des bandes formant un marquage au sol parti-
culier.

La méthode est évaluée sur un ensemble de 150 paires d'images acquises en centre ville dans des
conditions normales de tra�c. Les résultats montrent la validité de notre stratégie en terme de ro-
bustesse, de complétude et de précision géométrique. La méthode est robuste et permet de gérer les
occultations partielles ainsi que les marquages usés ou abîmés. Le taux de détection atteint 90% et
la précision de reconstruction 3D est de l'ordre de 2 à 4 cm.

Finalement, une application de la reconstruction des marquages au sol est présentée : le géoréférence-
ment du système d'acquisition. La majorité des systèmes de cartographie mobile utilisent des cap-
teurs de géoréférencement direct comme un couplage GPS/INS pour leur localisation. Cependant,
en milieu urbain dense, les masques et les multi-trajets corrompent les mesures et conduisent à une
précision d'environ 50 cm. A�n d'améliorer la qualité de localisation, nous cherchons à apparier les
images terrestres avec des images aériennes calibrées de la même zone. Les marquages au sol sont
alors utilisés comme objets d'appariement. La validité de la méthode est démontrée sur un exemple
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de passage piéton.

Mots clé : Photogrammétrie, Vision par ordinateur, Système de cartographie mobile, Appariement
de contours, Reconstruction 3D, Modélisation 3D, Géoréférencement à partir des images, Route,
Marquage au sol, Passage piéton, Lignes blanches discontinues.
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Chapter 1

Introduction

1.1 Global context

Nowaday there is a growing need for 3D city and road models for very various applications
such as city planning, electromagnetic wave propagation analysis, architectural state doc-
umentation, realistic gaming, autonomous navigation, traf�c monitoring or virtual tourism
projects. Buildings and roads are the main features in 3D city models. Since the beginning
of the 90s, MATIS1 laboratory of IGN2 (French national mapping agency) has been con-
ducting research in the �eld of fully automatic 3D building reconstruction from digital aerial
images. Production results with the developed tools are very promising especially from an
automation rate point of view. Flamanc u. a. [2003] present results of these researches. In
order to provide a more complete description of city in parallel to building modelling, road
reconstruction have been investigated. The research work presented by Ruskoné [1996] and
Tournaire [2007] deals with automatic road reconstruction in urban and semi-urban areas
from aerial images. Nevertheless aerial imagery does not provide suf�cient geometric and
radiometric accuracy for reconstruction of all urban objects. Indeed due to its limited reso-
lution and their special orientation in relation to the terrain, some interesting object such as
facades, urban furniture, vegetation and roads can not be modelled with adequate accuracy.
In this scope, theArchipolisresearch project that is developed in ARCHI3 working group of
MATIS laboratory is in charge of looking for very high scale ground based future products
to complete the description of city models produced by aerial means.

1.2 Archipolis project

What should an ideal 3D city and road model contain? Indeed, the needs of users are very
different in terms of database contents, level of detail, and relative and absolute accuracies.
To ful�l all possible applications, theArchipolis project aims at providing a database of
georeferenced terrestrial stereopairs covering the whole city. This would mean that users,
with adapted softwares that already exist at low prices (e.g. PhotoModellerr , RealViz©,
etc.), could then reconstruct a model of the scene adapted to their needs and budget. Nev-

1Méthodes d'Analyses pour le Traitement d'Images et la Stéréorestitution
2Institut Géographique National
3Architectural and close range photogrammetry working group



28 Introduction

ertheless, some speci�c objects such as pavements, roadmarks and facade geometry can be
extracted in a systematic way [Paparoditis u. a., 2005].

In order to provide the georeferenced image database a Mobile Mapping System (MMS)
calledStereopolisis developed at the MATIS laboratory. TheStereopolissystem as shown
in Figure 1.1(a) is equipped with three stereo-rigs of CCD cameras and georeferencing
device (GPS). The CCD cameras provide high resolution images (4000� 4000 pixels
� 3 mm GSD4 at 10m of distance) with high quality (SNR = 300)5.

The two rear looking cameras (horizontal stereo-base in Figure 1.1(a)) provide stereo-
images of the roads and urban furniture (See Figure 1.1(b)). The two across viewing stereo-
bases (Vertical stereo-base in Figure 1.1(c)) acquire stereo-images of buildings' facades
(See Figure 1.1(c)). The system provides good imaging geometry and coverage of object
space. With 28 mm focal length lenses, the �eld of vertical base covers a six storey building
high at a distance of 6 meters. All 6 cameras are perfectly synchronised. Interior calibration
of cameras and also relative orientation between all 6 cameras area priori estimated and
assumed rigid.

Most of the MMSs are based on direct georeferencing devices like GPS/INS. However
in dense urban areas GPS masks and multi-paths do corrupt the quality of measurements
and provide only 50 cm to 1 m absolute positioning accuracy. In order to satisfy the needs
of different users in georeferencing accuracy point of view, theArchipolis project aims at
providing a �ne georeferencing by post-processing at the best possible accuracy (5 to 10 cm
for absolute positioning).

1.3 Speci�c context of the thesis

This PhD thesis is held at ARCHI group of MATIS laboratory and integrates the previously
mentionedArchipolis project. The goal is to provide a tool for fully automatic 3D road-
mark reconstruction from stereo-images acquired byStereopolissystem. Interests of 3D
roadmarks reconstruction withinArchipolisproject are in:

• Fine georeferencing of the system;

• Road inventory generation;

• Providing landmarks for autonomous navigation systems;

1.3.1 Interest of roadmarks in �ne georeferenced image-database generation

Georeferencing of data means its translation and orientation in relation to a �xed coor-
dinate system. Most of the MMSs6 adopt an absolute coordinate system. The absolute
georeferencing of most of the systems is obtained using GPS7 receivers that are integrated
with INS8 [El-Sheimy, 1996; Schwarz u. a., 1993; Lapucha u. a., 1990; Novak und Bossler,
1995]. However in urban areas, masks of high buildings and multi-path of GPSs' signals do

4GSD: Ground Sample Distance
5SNR: Signal to Noise Ratio
6MMS: Mobile Mapping System
7GPS: Global Positioning System
8INS: Inertial Navigation System
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Horizontal
stereo-base

GPS

Vertical
stereo-base

(a)

(b)

(c)

Figure 1.1: a) Thestereopolismobile mapping system. b) Stereo-pair provided by rear
looking horizontal stereo rig, c) Stereo-pair taken by side looking vertical rig.
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corrupt the measurements. Even thought INS can interpolate between GPS interruptions,
internal drift of INS accumulates soon and provide only 50cmto 1mabsolute georeferenc-
ing accuracy for gaps of two minutes [APPLANIX].

In order to improve the georeferencing ofStereopolis, the idea is to use its own images
as a sub-system of positioning. In this purpose Bentrah [2006] uses images to estimate
relative orientation between successive image nodes. It can improve relative orientation
locally but due to error accumulation, absolute positioning remains of poor quality.

The idea for improving absolute positioning of the system is to take bene�t from exterior
control points to perform a classical photogrammetric bundle adjustment. In photogramme-
try control points are often measured by topographic operations which is very costly and
also time consuming. In order to generate needed control points we use the results of Tour-
naire [2007] that reconstruct roadmarks from oriented aerial images (20cm GSD). The same
roadmarks are then reconstructed automatically from horizontal stereo-pairs ofStereopolis.
The reconstructed roadmarks are then repositioned with respect to those reconstructed from
aerial images. Finally these roadmarks are used as Ground Control Objects (GCO) that can
integrate a bundle adjustment for positionning ground-based images. Indeed the interest of
roadmark is that their shapes and sizes are constrained by strict speci�cations [Transport
Ministry and Interior Ministry, 1988] and constitute high contrasted objects. These two
properties simplify considerably the detection of roadmarks from both systems and also
matching process between two systems. This concept is demonstrated in Figure 1.2.

Figure 1.2: Absolute georeferencing ofStereopolis: Matching aerial-based and ground-
based imagery using roadmarks

1.3.2 Interest of roadmarks in road inventory generation

The resolution of images has a great in�uence on the representation of roads. Indeed within
algorithms developed for road recognition and reconstruction from low resolution satellite
images, road is considered as homogeneous bands of different lengths and orientations [Sto-
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ica u. a., 2004]. This can be an optimal representation of road considering the low resolution
of images. However it does not provide any details and gives just a global representation of
road. Within higher resolution images [Zhang, 2003] use aerial images and uses multiple
cues such as road's borders, roadmarks, shadows and possible position of road in relation
to known buildings to provide a higher level of details for road recognition. In higher reso-
lution level images such as ground-based ones, the level of presented details is much more
important. In this case road can no more be considered as an homogeneous area. Moreover
in urban areas road's borders are most of the time occluded by cars and can not be used as a
road cue. In this scenario roadmarks become more interesting. On the one hand their known
speci�cation can simplify considerably their recognition, on the other hand their precise 3D
reconstruction provide useful information such as number of lanes and their width.

1.3.3 Interest of roadmarks in autonomous navigation systems

The most important component of autonomous navigation is permanent and reliable local-
isation. Indeed for autonomous navigation, a robot needs to understand its environment.
More precisely robot need to know where it is located and where to go. BODEGA is an
example of autonomous navigation projects [Bonnifait u. a., 2006]. This project aims at de-
veloping vision-based and sensor-based methods for the autonomous navigation of mobile
vehicles moving around an urban environments. It is realised through a collaboration be-
tween several French universities and research centers . One of the main component of this
project consist in providing a landmark GIS in urban area. The landmarks are extracted and
georeferenced in an off-line mode. During navigation, robot recognises the landmarks and
localise itself by photogrammetric resection. Several kind of landmarks such as features on
facades and roads can be considered in urban area. However landmark must be:

• Available in the whole area of navigation;

• Easy to extract;

• Localised accurately;

Roadmarks constitute excellent landmarks because in urban areas they are available
most of the time. Furthermore, thanks to their strict shape and size they are quite easy to
extract as well as accurately measurable.

1.4 Organisation of the manuscript

This thesis is built over eight main chapters. After this introduction, in Chapter 2 we will
�rst introduce the input data and needed reconstruction quality. Then an overview of exist-
ing methods is provided. Finally our adopted global strategy is introduced.

The three following Chapters explain the three main steps of our roadmark reconstruction
algorithm.

Chapter 3 describes the procedure of 3D linked-edges reconstruction. A brief state of
art in stereo-matching methods is presented. Then adopted method is explained in details.
Finally, the results that consist in 3D linked-edges are presented.
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In Chapter 4, we present how 3D linked-edges resulting from reconstruction process are
used in roadmark detection. Detection step takes bene�t from particular 2D signature of
zebra-crossing and dashed-line. Some basic tools of �ltering are introduced. Then we
explain how these tools are used in detection of each roadmark. The intermediate results
are demonstrated on one example for each roadmark. Finally, results of detection step that
consist in a set of 3D line-segments as hypothetical strips are presented.

Chapter 5 describes modelling step. A perceptual grouping and also a line-segment
grouping algorithm are developed and used in recognition of strip from hypothetical line-
segments provided by detection algorithm. Then a method of �ne reconstruction is pre-
sented. This method provides a planar parallelogram model for each detected strip. This is
the �nal stage in roadmark reconstruction algorithm.

The reconstruction algorithm is tested on a large set of real images. Chapter 6 presents
�rst some qualitative results that demonstrate robustness of the method to different problems
such as unfavoured traf�c conditions, partial occlusions and damaged roadmarks. Com-
pleteness and geometric accuracy of the method is evaluated and quantitative results are
presented on a set of 150 stereo-pairs. Then the sensibility of the algorithm to resolution of
input images is studied. Finally computation times are presented for each resolution.

Chapter 7, presents application of 3D reconstructed roadmarks in absolute positioning of
Stereopoliswith centimetric accuracy. First a brief state of art in image-based positioning
methods of land vehicles is presented. Then our methodology of matching ground-based
and aerial-based roadmark is explained. Zebra-crossing is used as roadmark object. The
results are presented on real images.

Finally, Chapter 8 provides a synthetic analysis of this work. In order to guide the future
researches, we propose a global schema of a roadmark reconstruction strategy that deals
with different kind of roadmarks.



Chapter 2

Input data, state of the art and
general strategy

As explained in Chapter 1, the goal of this thesis is to provide an algorithm for automatic
reconstruction of roadmarks from ground-based images. These reconstructed roadmarks
can be used for absolute georeferencing of the system, road database generation and also as
landmarks in autonomous navigation projects. Since the quality of reconstruction from rep-
resentation, generalisation and precision points of view depends largely on characteristics
of input data, we present �rst the input data. Then needed characteristics of reconstruc-
tion are discussed. The Sections 2.4, 2.5 and 2.6 present a state of art on road detection
and reconstruction from ground-based data. Section 2.7 describes our adopted strategy for
roadmark reconstruction.

2.1 Roadmark speci�cations

Roadmarks are painted on the roads according to strict speci�cations (See Figure 2.1).
In each country, their size and shape are normalised for all roadmarks including zebra-
crossings (crosswalks), dashed-lines, stop-lines, arrows, etc. In France speci�cation of
roadmark are published by ministry of Interior and the ministry of Transport [Transport
Ministry and Interior Ministry, 1988]. In Sections 2.1.1 and 2.1.2, we present the geometric
speci�cation of zebra-crossings and dashed-lines in France.

Figure 2.1: The road worker lays out pre-manufactured shapes in the design required. Once
in place, a blow torch is used to melt the plastic on the surface of the road.
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2.1.1 Zebra-crossing speci�cation

A zebra-crossing is constituted of parallelogram form strips of 50cm width and 2:5 m
minimum length. However accurate length (`) and exact shape (q) of the parallelogram are
unknowns. Distance between the strips varies between 50cmto 80cm( See Figure 2.2).

Figure 2.2: Speci�cation of zebra-crossing

2.1.2 Dashed-line speci�cation

Dashed-lines are always constituted of repetitive rectangular shape strips. The shape (size
and form) of each strip and the spaces between the strips are conformed to a conventional
standard. Dashed-lines are applied to specify lane boundaries, parking lots, stop lines etc.
Geometric speci�cations of each dashed-line vary by their application and location (ur-
ban/rural). Figure 2.3 on the next page shows different types of dashed-line de�ned in
[Transport Ministry and Interior Ministry, 1988] as a French standard. Length and the
distance between the strips are �xed. Strips width varies following the location and is a
multiple of u 2 f 3 cm;5 cm;6 cm;7:5 cmg. Sou varies in relation to location and impor-
tance of road but it is constant along a same road. Table 2.1 denotes different width values
as a function ofu. Exceptionally dashed-lines of typeT02 can take the width values other
than multiple ofu. For each type of dashed-line, their strips' length, width and also their
inter-distance are speci�ed (see Figure 2.3).

Type of dashed-line Width

T1 2u
T01 2u
T3 2u, 3u, 5u
T2 3u, 5u
T03 3u
T02 2u, 3u, 50cm, 15cm, 10cm, 25cm

Table 2.1: Width of different kinds of dashed-lines



2.1 Roadmark speci�cations 35

Figure 2.3: Speci�cation of different kind of dashed-lines

2.1.3 Road surface model

Road surface is rarely �at but slightly curved or sloped with the two sides a bit lower to drain
raining water from road surface (See Figure 2.4). As we aim at reconstructing roadmarks
in the most precise way as possible, we suppose only that each strip of zebra-crossing
or dashed-line is a �at object. However the totality of zebra-crossing or dashed-line is
not necessarily �at and follow the road surface topography. In other words we have to
reconstruct the road surface after the �nal modelling phase of dashed-line or zebra-crossing
reconstruction.

Figure 2.4: Two kinds of road section: sloped and curve surfaces are applied to guide raining
water to the borders.

Even if the so called surface is constrained by some technical speci�cations (slope, cur-
vature radius etc.), on the one hand their geometric shapes depend on many parameters
(width, speed limit, etc.) which are rarely knowna priori, on the other hand the speci�-
cations are not perfectly respected when the roadmarks are painted or glued onto the road.
This is the reason why we do not use any constrained road model in our roadmark recon-
struction algorithm.
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2.2 Input image data description

As explained in Chapter 1, our input data consists in rear looking stereo-pairs provided by
a horizontal stereo rig ofStereopolissystem (See Figure 1.1(a)). Data set has been acquired
in the center of Amiens city in France. Figure 2.5 shows the trajectory ofStereopolison an
ortho-image of the city center of Amiens.

2.2.1 Remarks on images of road and roadmarks in real urban areas

Our surveying is performed in real traf�c conditions. In this scenario, presence of cars
and pedestrians cause some occlusions. Figure 2.6 demonstrates such problem within three
stereo-pairs. In certain cases some of dashed-line's strips are occluded by cars. This is the
case in Figures 2.6(a) and 2.6(b). Sometimes only one strip of a dashed-line is visible in
stereo-images. The dashed-line's strip assigning parking-lot in Figure 2.6(a) is an example
of this case. In these scenarios dashed-lines can not be recognised only thanks to repetition
and alignment of their strips (looking for repetitive patterns). Figure 2.6(c) demonstrates
zebra-crossing's strip which is partially occluded by a pedestrian.

Besides occlusion, another main problem in real urban area is that roadmarks can be
partially damaged or deformed. Figure 2.7 shows such case for a zebra-crossing's strip
deformed by a man-hole cover and a dashed-line's strip that is worn out by the passage of
cars.

2.2.2 Interior calibration of Stereopoliscameras

TheStereopolissystem is equipped with cameras produced at LOEMI1 laboratory of IGN
for aerial surveying. They provide very high resolution and quality images. The interior
calibration parameters are estimateda priori using calibration targets. The residuals of the
calibration are usually under 10th of a pixel. Our model is composed of a principal point of
autocolimation, a principal point of symmetry and distortion coef�cients. Table 2.2 present
the speci�cations of images provided by this camera.

Parameter Value

Image size 4096 � 4096
Pixel size 9 µm

Camera focal length 29mm � 3222:2 pixels
SNR � 300

Radiometric resolution 12 bits
Number of channels 1

Distortion parameters Known
Principal point Known

Ground resolution at distance of 10m � 3 mm

Table 2.2: Interior calibration ofStereopoliscameras.

1Laboratoire d'Optique Et de Micro-Informatique
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Figure 2.5: Trajectory ofStereopolissystem in the center of Amiens city in France
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(a) Only individual strips are visible in stereo

(b) Repetition of strips is violated by occlusions

(c) Strips are partially occluded

Figure 2.6: Samples of different traf�c conditions within stereo-images provided byStere-
opolisin real urban area.
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Figure 2.7: An example of eroded and covered roadmarks.
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2.2.3 Calibration of the stereo rig

As mentioned before the rear looking horizontal stereo-rig ofStereopolissystem provides
stereo-images of road areas. In this thesis only the so called stereo-rig is used for road
reconstruction. The relative orientation between the left and right cameras (translation and
rotation) is estimated using manually measured tie points. Since the stereo-base is supposed
to be rigid the relative orientation will be the same for all acquisition node. The height of
stereo-base on the vehicle is about 2:2 m and change slowly during surveying operation.
Figure 2.8 demonstrates the calibration of stereo-rig and its orientation in relation to road
surface. Given relative orientation of stereo-rig, an at-scale 3D model of features can be
obtained by matching homologous points between left and right images. However the re-
sulting 3D coordinates are expressed in a relative system (often in the coordinate system
of the left camera). In order to integrate the reconstructed model in model of whole city,
the coordinates must be transformed to an absolute system. In this purpose the exterior
orientation of stereo-rig at each exposure point is needed.

Figure 2.8: Calibration ofStereopolis's horizontal stereo-rig,(R;T): Parameters of relative
orientation,happroximate height of stereo-rig in relation to road surface,bLength of stereo-
rig, In green, a one meter cube gives the scale.

2.2.4 Exterior calibration of the stereo-rig

Exterior calibration of stereo-rig consists in estimating its orientation (translation and rota-
tion) at each exposure point in an absolute system. As mentioned in Section 1.2 most of the
MMSs use GPS/INS for absolute orientation but it provides insuf�cient accuracy in urban
areas. In our project, exterior calibration of stereo-rig is unknown. So the reconstruction
must be performed using only one stereo-pair for each exposure point and strategies that are
based on multi-image (successive stereo-pairs) can not be applied. However after estimat-
ing absolute orientation (by matching aerial and terrestrial images using roadmarks), it can
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be applied in a validation or rejection strategy to improve the completeness of results.

2.3 Objectives

2.3.1 Which kind of roadmarks to reconstruct?

Different kind of roadmarks are used on paved roads to provide guidance and information
to drivers and pedestrians. Countries categorise roadmarks in different ways. They vary
from the most common ones such as zebra-crossing (crosswalk) and dashed-lines to more
particular marks such as arrows, stop lines and words (BUS, SCHOOL, etc). We aim at
reconstructing zebra-crossings and different kinds of dashed-lines because on the one hand
they are available on most of the roads and on the other hand they provide useful information
about number and width of the lanes.

2.3.2 What level of generalisation?

As mentioned in Section 2.2.1 in real urban areas, white strips are often deformed in relation
to their theoretical shape. In order to simplify the representation, we aim at retrieving their
theoretical shape. We suppose that each strip is a planar object. The four vertexes of a strip
are then computed at the intersection of its long sides and transversal sides on the strip's
plane (See Figure 2.9).

2.3.3 How should we represent them?

Our reconstruction has to provide a 3D vector model for each strip of zebra-crossing or
dashed-line. What we mean by a vector model is a set of four 3D points that are linked
together to provide a quasi-parallelogram shape. Vector representation compress the infor-
mation. Moreover it is more easy to integrate such information in a Geographic Information
System (GIS). Let's recall that in real urban areas the unfavoured traf�c conditions occlude
often some of strips within a dashed-line or a zebra-crossing (See Figure 2.6). So modelling
each strip independently instead of zebra-crossing or dashed-line in its whole, let to extract
information even if most parts of the roadmark object is occluded.

2.3.4 What accuracy should we achieve?

As mentionned before in Section 1.3 the roadmarks are used for road database generation
and also for sub-decimetric localisation of the system. Nowadays for urban feature database
generation only a decimetric accuracy would be suf�cient. However in our system, road-
marks will be used as control points to integrate a bundle adjustment of the ground-based
images. This is the reason why our reconstruction algorithm must be as precise as pos-
sible. Since our localisation strategy consist in matching aerial and terrestrial roadmarks
and knowing that aerial images are oriented with 2cmaccuracy, we aim at providing same
accuracy in ground-based reconstruction.
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Figure 2.9: Generalisation of a deformed strip to a planar quasi-parallelogram shape.

2.4 Review of previous work on road extraction and reconstruc-
tion from ground-based data

Until now, many research works in computer vision and photogrammetry have investi-
gated road detection and reconstruction from aerial and satellite images [Heipke u. a., 1995;
Ruskoné, 1996; Mayer u. a., 1997; Zhang, 2003; Tournaire u. a., 2006]. These methods can
cover wide areas; however their ef�ciency is limited by spatial resolution. Ground-based
imagery can provide higher resolution for large scale road modelling. Road extraction from
ground-based data has been investigated mainly by two communities: photogrammetry and
robotics.

• Robotic oriented approaches

These systems use the road geometry for their positioning. Road geometry is ex-
tracted and then position of the system in relation to road is estimated. The need
of positioning at each instant implies an automatic real time road extraction algo-
rithm. This is why, contrary to cartographic approaches in autonomous navigation
and robotics the accuracy of extracted object is less important than computation time.

• Cartographic oriented approaches

In this category of approach the �nal goal consists often in generation of a geomet-
ric database that integrates large scale 3D city models. Accuracy and reliability of
results have priority over computation time. So if semi-automatic algorithms only
reduce production time, they can be acceptable.

An ideal method of road extraction from ground-based data is a combined method that
takes bene�t from both the automation ideas used in autonomous navigation systems and
the accuracy provided by cartographic approaches. This chapter reviews a large number of
existing methods in each of the two mentioned categories.

2.5 Review of robotic or computer vision oriented approaches

Approaches developed in autonomous navigation systems for road geometry extraction are
quite different due to difference in strategy, input data, type of feature used for road iden-
ti�cation and precisions. We classify these systems in two major categories of monocular
and binocular systems.
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2.5.1 Road extraction from monocular systems

The goal of these systems is to automatically extract road features in 2D image space.
Different road features such as lane markings, lanes and boundaries have been the focus of
extraction in these systems. They do not provide 3D reconstruction. Considering detection,
we can identify four types of methods:

• Road feature from pixel classi�cation,

• Road feature from region classi�cation,

• Road feature from structure,

• Road feature from frequency analysis.

Road feature from pixel classi�cation

In these methods pixel of images are analysed for classi�cation in one of the road feature
classes such as white lines, asphalt or boundaries. In different systems colour, grey scale
and texture information are used as classi�cation criteria.

colour-based classi�cation
Charbonnier u. a. [1998] present a method for detection of road borders using colour im-

ages. It starts with computation of chromatic saturation for all pixels in a prede�ned region
of interest. Then the histogram of chromatic saturation is analysed until two clusters are
presented. Chromatic saturation express the proportion of colors in each pixel. Road re-
gions being often of gray color have chromatic saturation values that are near 0. This value
is near 1 for pure colored objects (red,green and blue objects). The advantage of chromatic
saturation is that it is quite insensitive to shadows and pavement variability. So the lower
saturation in saturation histogram correspond to the pavement and the other one to the non-
road class. The last step consists in extracting road borders from segmented regions. A
robust regression technique is then applied to discard the outliers. Borders are presented as
line-segments.

Chiu und Lin [2005] propose another segmentation technique that is based on colour
images. It is used for lane boundary detection. The algorithm uses region of interests to
�nd out a threshold using statistical methods in colour image. The threshold is then used to
retrieve possible road boundary and a quadratic function is used to approximate it.

The work presented in [Hu u. a., 2004] use multiple features (color and edges) to seg-
ment road area. This is the reason why the method can be classi�ed as road from pixel
or region classi�cation and also road from structure. Considering color information image
is classi�ed in 3 classes. They suppose that road regions are gray with a little blue and
never green or red. Considering color information, pixels are classi�ed into three classes of
road, non-road and uncertain road. Then the coherence of uncertain road class with edge
information is analysed to decide if it can be re-classi�ed in road class.
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Intensity-based classi�cation
McCall und Trivedi [2004] present �lters calledsteerable �ltersthat are based on second

derivatives of two dimentional Gaussians to detect pixels belonging to painted lane-marking
and circular re�ectors on road surface. This �lter is applied to gray level images and is ro-
bust to lighting changes and shadows. It can be applied to extract the lane-marking with a
given direction. This property is used in a tracking mode. Predicted lane direction de�nes
the steering angle and an adaptive angle �lter is applied to retrieve the exact pixels of the
lane-marking.

In most of the vision based navigation systems, position of lane-marking in relation to
the camera is used as navigation information. So the reliability of detected lane-marking
affect directly the reliability of positioning. Illumination condition and intrinsic properties
of lane-marking are the main in�uencing characteristics in lane-marking detection methods.
Kluge und Johnson [1995] propose a system for characterizing the visual characteristics of
painted lane markings. The system consists of a camera that takes the fronto parallel images
of the road surface. The image area is fairly small so only asphalt and lane-markings are
visible (See Figure 2.10). A histogram-based threshold is then selected and the images
are binarized using this threshold. The pixels belonging to the left and the right sides of
lane-markings are extracted and approximated with line-segments. For each detected lane-
marking some characteristics such as width, mean intensity of inside and outside pixels,
starndard deviation and contrast are computed.

Figure 2.10: According to [Kluge und Johnson, 1995]: up-left: original image with cor-
responding boundaries and strip edges drawn in white, up-right: intensity histogram with
threshold marked by vertical black line, bottom-left: left-/and right most strip pixel in each
row, bottom-right: thresholded image with strip edges drawn in white.

Texture-based classi�cation
In addition to gray level and colour, some authors use texture as an additional feature to

robustify road segmentation. Jeong und Nedevschi [2005] propose a combined method that
takes bene�t from gray level as pre-classi�cation. The �nal classi�cation is performed as
a weighted combination of pre-classi�cation and texture-based classi�cation. Two types of
rural and highway roads are studied.
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In the roads without lane-markings and colour difference between road and un-road ar-
eas like rural roads only texture information can be useful. Zhang und H.H. [1994] propose
a new technique of classi�cation that is only based on texture information. Strength of tex-
ture anisotropy is used as classi�cation criterion supposing that road regions are strongly
anisotropic. A measurement of texture anisotropy is de�ned and computed in image space.
Classi�cation is then performed in two phases. First an initial unsupervised classi�cation
is performed. The resulting classes are then analysed in a supervised classi�cation that
compare anisotropy of each detected class againts the stored statistical model of each class.
Figure 2.11 shows results of unsupervised classi�cation.

(a) Gray value image(b) Strength of texture
anisotropy

(c) Segmentation result

Figure 2.11: According to [Zhang und H.H., 1994]: The calculated strength of texture
anisotropy in a road image and the unsupervised segmentation of the image in 3 classes.

Remarks on road feature extraction approaches from pixel classi�cation
Regarding our objectives (mentioned in Section 2.3) the disadvantages of pixel-based

road extraction methods can be summarised as follows:

• The mentioned methods are applied in rural images supposing a free space in front
of camera. Often some thresholds are estimated within a region of interest de�ned in
the supposed free area. In real urban area, unfavourable traf�c conditions can disturb
these kind of hypothesis and as a result the detection will fail.

• Results of such methods is a binary pixel classi�cation of road or roadmarks. It is
still too low level compared to object extraction that we look for.

Road feature from region classi�cation

In these kind of methods, image is segmented into connex pixels that form regions corre-
sponding to different road feature classes such as asphalt, lane-marking and non-road areas.

Gonzalez und Ozguner [2000] uses the fact that lane marking are brighter than road
background and propose an histogram-based segmentation method. The method is basi-
cally a region growing segmentation, where the growing parameters are function of his-
togram characteristics. The lower narrow horizontal strip (5 pixel) of image is considered.
They suppose that the dominant object in this area will be the road. Under this hypothesis
the histogram of this area is going to be unimodal and even in some cases a Gaussian. The
minimum, maximum and mean values of the histogram are extracted. These values are used
for region growing supposing that all pixels with a value higher than maximum value be-
longs to lane-marking regions. The values between the minimum and the maximum values
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correspond to road regions and �nally the values smaller than the minimum value are con-
sidered as potential obstacles. The found road-markings are then analysed by a decision tree
testing their relative geometric relations such as distance, orientation and width to validate
candidates and cope with outliers. Regarding this last step of the algorithm, the approach
could be classi�ed also in road feature from structure, however structure information (ori-
entation, length, interactions) are applied in a validation phase and not in detection phase.

Broggi [1995] suggest an image resampling in a plane which is parallel to the road sur-
face to reduce the perspective deformation. Then given the width of a lane-marking a low
level �ltering is performed supposing higher intensity on a lane-markings than its outsides.
A simple threshold seldom provides a complete detection due to shadows and different illu-
mination conditions and provide disconnected pixels along lane-marking. An enhancement
is provided bygeodesic morphological dilationthat use correlation of pixels along lane-
marking. The �nal result is a set of connected pixels classi�ed as lane-markings in image
space. The Figure 2.12 shows the results of different steps of this approach.

(a) Original (b) Remapped (c) Filtered (d) Enhanced (e) Binarized

Figure 2.12: According to [Bertozzi und Broggi, 1998]: Sequence of images produced by
the low-level lane detection phase.

Still using mathematical morphology another research work presented in [Beucher u. a.,
1990] aims at classifying lanes in a road image. A morphological regularized gradient
followed by a watershed is used to segment road region (See Figure 2.13(b)). A top-hat
transform is used to detect lane-markings (See Figure 2.13(c)). The extracted road-markings
are then used for segmenting the road region into lanes (See Figure 2.13(d)).

Remarks on road feature extraction approaches from region classi�cation
Comparing to pixel classi�cation approaches, region classi�cation methods are more in-

teresting since they provide objects instead of pixels. Extraction of objects, instead of iso-
lated pixels make possible validation tests such as size,direction, interaction between ob-
jects, etc. This can robustify considerably the extraction algorithm. However the geometric
precision of extraction remains quite poor (> pixel). Moreover like for the pixel classi�-
cation algorithm these approaches are applied in highway and rural roads with a large free
space in front of camera. The frequent occlusions in real urban areas (See Figure 2.6) can
reduce considerably the ef�ciency of these algorithms.
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(a) Original (b) Ground layout de-
tection

(c) Lane markings de-
tection

(d) lane segmentation
result

Figure 2.13: According to [Beucher u. a., 1990]: Lane segmentation by mathematical mor-
phology

Road feature from structure

These approaches use different kinds of geometric models such as lines and curves for
approximating road features. The extraction problem is often transformed into detection
and estimation of given geometric models (structures) within edges points in image space.
Three main techniques can be mentioned considering applied structure.

Linear structures
Some of road features such as zebra-crossings and in certain cases lane-markings are

constituted of linear features. Due to perspective deformation parallel lines in 3D intersect
each other at vanishing point in image space. Some authors use this property to detect road
features via vanishing point detection.

Se und Brady [2003] use vanishing point constraints to detect zebra-crossings. The
Canny edge detector is used to detect the edge points. A Hough transform is then applied to
estimate line-segments. A group of intersecting line-segments are then found by RANSAC
as hypothesis for some structures containing parallel lines. However in urban areas there
are a lot of structures with parallel lines. In order to eliminate the false ones a constraint
is added to the detection algorithm. The constraint is that the edges of zebra-crossing can
be partitioned into two sets of equally spaced parallel lines corresponding to light-to-dark
and dark-to-light transitions. Figure 2.14 summarises different steps of this algorithm and
obtained results.

In a very similar work presented by Schreiber u. a. [2005] lane markings are used to
segment road lanes. The line segments are detected and vanishing point is estimated very
similarly to [Se und Brady, 2003]. Within the line-segments passing trough the vanish-
ing point, lane markings are detected. Left and right sides of each lane-marking are then
distinguished.

The ef�ciency of these two methods depends largely on detection of vanishing point
corresponding to roadmarks (zebra-crossing and lane-markings). In real urban areas, oc-
clusions due to unfavoured traf�c conditions can reduce the ef�ciency of vanishing point
detection and as a result roadmark detection will fail.

In a visual traf�c surveillance application presented in [Lai und Yung, 2000] a video
camera is used to control permanently the frequency of vehicles lane changes. Complete
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(a) Original image (b) Line detection
results

(c) Detected edges(d) short sides de-
tection

(e) Final detected
edges after re-
moving short
sides

Figure 2.14: According to [Se und Brady, 2003]: Zebra-crossing detection: long sides
are detected by vanishing point segmentation, short sides are detected in the orthogonal
direction and removed to perform a more accurate Hough transformation for estimating
long sides. Enhancement can be compared between (a) and (e)

multiple lane information is needed. The algorithm starts with background extraction by
averaging over a set of video sequence taken with an unchanged camera position. The av-
eraging provides an image of road area without any obstacle due to cars. After that Sobel
edge detector is applied to background image to detect the edge points. The edge points
are then approximated with straight lines. Supposing a planar model of the road and known
orientation of the camera, the line segments are projected onto a 3D plane that approximates
the road surface. They are then analysed by their prominent orientation and length to reduce
the number of false-alarms.

The unchanged position of camera in relation to road surface simpli�es one the one
hand extraction of image background (road area) and on the other hand 3D estimation of
line-segments. In our application the MMS moves permanently along the road surface.
Moreover the position of camera in relation to road changes at each image node time and
thus is unknown.

In a driver assistant system proposed by Dietmayer u. a. [2005] a forward looking laser
scanner is used to detect roadways and lane-markings. Thanks to difference in the re�ectiv-
ity of asphalt and lane-marking, the receiver channels of scanner can be adapted to receive
only signals coming from lane-markings. So the initial data is a set of 3D points corre-
sponding to lane-marking surface and some noises that are caused by other objects on the
asphalt with re�ectivity similar to lane-markings. Figure 2.15(a) shows an example of ini-
tial 3D points. In order to identify lane-marking reliably histogram of points occurence is
evaluated. In this histogram noises cause small values. In contrast, lane-markings thanks to
their alignment with road direction, generate higher peaks. The measurements correspond-
ing to higher peaks of histogram are considered as potential lane-markings. Hypothetical
lane-markings are then evaluated by lane's width information to �lter out false alarms. Fi-
nally line-segments are estimated using a Hough transformation (See Figure 2.15(b)).

This histogram based approach takes bene�t from real 3D geometry of road features
to handle noise. The advantage of 3D space is that information knowna priori such as
lane's width can be used to �lter out false positive and identify lane-markings. It is only
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laser-based, so measurements are acquired directly in 3D space without any processing.
However the precision of extraction is limited to the resolution of laser scanner. Moreover,
it provides a global model for aliened discontinues lane-markings. We believe that the same
strategy can integrate an image based approach for more accurate reconstruction.

(a) (b)

Figure 2.15: According to [Dietmayer u. a., 2005]: (a) Initial data of a highway scenario
and corresponding histogram. (b) �nal line-segments projected in an image of scene .

Curves structures
As vanishing point constraint is not applicable in curved road scenarios, some autonomous

navigation systems use circular or parabolic curves as a road model. These methods con-
sist often of an edge point detection followed by a robust curve �tting [Risack u. a., 1998;
Kluge, 1994; Jung und Kelber, 2004; Ieng u. a., 2003]. However in the case of highly noised
edge points (in presence of shadows), the curve �tting can fail.

Another technique adapted specially for noisy edge point scenarios is proposed in [Kluge
und Lakshmanan, 1995]. The algorithm is based on deformable templates. Instead of
thresholding the intensity gradient, the Metropolis algorithm is used to maximize a function
that evaluates how well the image gradient supports a set of template deformation parame-
ters.

[Ieng u. a., 2004] propose a curve �tting algorithm together with some con�dence mea-
sures for extracted curves. The method bene�ts from robustess ofM-estimatorsand con-
siders the covariance matrix of the curve estimation as a con�dence measure. The proposed
method is robust to different weather conditions. Figure 2.16 shows an example of obtained
result.

Snake structures
Snakes are known as deformable features to model curves. So as opposed to previous

studied curve structures the snakes can be deformed to adapt themselves with more sophis-
ticated curves. Often the deformability power is modelled as the sum of an internal and an
external energy that depend on the application context. In opposite to external energy an
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Figure 2.16: According to [Ieng u. a., 2004]: Curve �tting result under foggy conditions
(green curve) and uncertainty curves (red curves).

internal energy tends to preserve a particular shape. A trade-off is obtained by minimizing
the total energy that is the sum of internal and external energies. This technique is used
in some research works for road lane detection [Borkowski u. a., 1999; Wang u. a., 2004;
Sawano und Okada, 2004].

Use of curve and snake models for lane-marking detection robusti�es recognition algo-
rithms. However it is only applicable in highway scenes in which there is a suf�cient free
space (without obstacles) in front of the camera. In real urban areas the presence of many
occlusions and obstacles (See Figure 2.6) reduces consequently the ef�ciency of such meth-
ods. Moreover curve models introduce some approximations that do not take into account
local irregularities.

Road features from frequency analysis

Some authors investigated in road feature detection using frequency analysis. Kreucher
und Lakshmanan [1999] present a frequency domain feature extraction combined with a
deformable template technique in order to detect the lane-markings.

Another research work uses edge �lters in the spatial domain to detect edges to which a
straight line is �tted. Fourier analysis is then used to recognize continuous from discontin-
uous lane-markings [Collado u. a., 2005].

The main interest of these methods is in their speed. However, dealing with geometric
constraints such as orientation and size of features in frequency domain is not straightfor-
ward.

2.5.2 Road extraction from a binocular system

The use of stereo images enables us to eliminate the assumption of �at road that is always
used in monocular systems for lane detection and provides the real 3D road surface. In ad-
dition, it can be applied for obstacle detection using disparity analysis within stereo-images.
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3D Lane-marking and lane reconstruction

As mentioned before curve models are used in monocular images for detecting the lane-
markings. In these methods road are supposed to be �at and only the horizontal curvature of
road is taken into account. Stereo-vision allows to eliminate the �atness assumption and to
estimate the vertical curvature of lane-marking too. In this context [Nedevschi u. a., 2004;
Luong u. a., 1995] propose a clothoid model for detecting continuous and discontinuous
lane-markings in a tracking mode. The 3D information is used to �lter out vertical features
before the estimation of curves. This operation robusti�es considerably detection algorithm.
The Figure 2.17 shows the back-projection of a reconstructed lane using the mentioned
method in image space.

In a more advanced work Nedevschi u. a. [2006] propose a contour based subpixel
matching technique that improves considerably the accuracy of reconstruction. Subpixel
matching is inevitable in the case of short baselines which is the case for most of the au-
tonomous navigation and mobile mapping systems.

Most of the efforts for lane-marking reconstruction from binocular robotic systems have
gone into 3D curve modelling. The bene�t of curve estimation from binocular system is the
elimination of obstacles before the estimation process. This operation removes some noises
from input data of curve estimation. However, as mentioned before, curve models are not
well adapted to our speci�c application.

Figure 2.17: According to [Nedevschi u. a., 2004]: reconstruction of lanes in presence of
obstacles.

Road surface and obstacle detection

Road surface provides interesting information about localisation of autonomous vehicle.
Localisation is performed by estimating the measurements such as height of vision system
and its orientations in relation to the road surface. Beside for localisation purpose, road
surface is interesting for obstacle detection. The existing methods are based on two main
hypotheses of �at and non-�at road model.

planar road surface hypothesis
Simond und Rives [2004a] propose an algorithm for road plane detection in urban area.

The algorithm consists in two steps. First dominant vanishing point of the scene is esti-
mated. Second coplanar line-segments passing from dominant vanishing point are used to
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de�ne a region of interest corresponding to road plane. Then interest points are estimated
within this area. Finally line-segments and interest points are used to estimate road plane's
homography. The Figure 2.18 shows the results of road plane segmentation and recon-
structed textured model.

Sappa u. a. [2007] use a stereo-vision system that provides dense 3D points in real time.
This 3D point cloud is then used to estimate road plane. They suppose that road is the dom-
inant feature in the point cloud. A pre-processing group 3D points into cells. Road plane
estimation is carried out by an ef�cient RANSAC operating on the barycentres.

The majority of the obstacle detection techniques apply stereo inverse perspective map-
ping (IPM) algorithm [Bertozzi u. a., 1998a]. The algorithm supposes a �at road and know-
ing orientation of stereo-pairs in relation to road. Using a planar homography (based on
road plane) the right image of a stereo-pair can be resampled in geometry of the left im-
age. So all the pixels belonging to road surface are correctly mapped in the other image
but the obstacles are mapped incorrectly. The difference between the remapped right image
in the geometry of the left one and the original left image correspond to obstacles. Within
the method applying this strategy we can state Okutomi u. a. [2002]; Bertozzi und Broggi
[1998]. An extension of IPM algorithm is presented in [Bertozzi u. a., 1998b] to cope with
non �at roads and presence of bumps and hills. Other authors have investigated obstacle
detection algorithm in non-�at roads scenario.

Beside interesting information provided by these methods about road position in rela-
tion to camera system, their main bene�t is in their rapidity. The main inconvenient is in the
planar road hypothesis that disregards longitudinal and transverse curvature of road surface.
In [Bertozzi u. a., 1998b] the authors present an extension of IPM algorithm to cope with
non �at roads and presence of bumps and hills. Other authors have investigated obstacle
detection algorithms in non-�at road scenarios.

non-�at road surface hypothesis
Yu u. a. [2003] do not use �atness assumption and supposes only smoothness of road sur-

face. So the surface can be locally non-�at with an accepted tolerance. A normal vector is
computed for each pixel using a disparity map provided by stereo-matching. All the vectors
belonging to the road pixels will be around a main direction with an angular tolerance and
all other deviated vectors correspond to obstacles. This method is easy to implement. How-
ever, quality of results depends largely on the quality of disparity information. Moreover,
angular tolerence regulation can be critical.

Labayrade u. a. [2002] propose another method which supposes that obstacle surfaces
are often perpendicular to road surface. Road surface is approximated by a succession of �at
parts. The disparity that correspond to road surface is computed on each part viaV-disparity
space. Then on each part, all the pixels with a disparity different from road disparity are
considered as obstacle pixels.

Recently a novel method of road reconstruction is proposed by Tarel u. a. [2007] that
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(a)

(b)

Figure 2.18: According to [Nicolas Simond]: (a) the images are segmented in 3 parts : the
road plane (in blue) and 2 others (in yellow) assumed as vertical planes, (in red) parts of the
scene where the feature points are not coplanar. (b) reconstruction of the road plane.

takes into account the longitudinal variations of road pro�le. The method uses stereo images
and supposes that they mostly contain road. A disparity model that takes into account
unknown longitudinal variations of road is de�ned. In this way 3D road reconstruction
is formulated as a matching problem under an unknown parametric road model. These
unknowns are computed by an exact optimisation in a multi resolution framework. This
method provides more accurate road surface than planar models. Introduction of road model
constraint in the estimation, make the method robuster than the method based onV-disparity
space.

These three methods provide more accurate results than those supposing planar road
model. However, they do not still reach perfect road surface. Indeed transverse curvature of
road is not taken into account. As a result at each transverse pro�le of road, the estimation
provides an approximation. The resulting error can be signi�cant for narrow streets in urban
areas with high transverse curvature.

2.6 Review of Cartographic oriented approaches

The automation of ground-based road data-collection system was motivated �rst by the
need for highway surveying and pavement performance evaluation in long distances. The
�rst generation of these systems consists of a vehicle equipped with �lm cameras, inertial
tools, gyroscopes and odometers. The photos are tagged with time and a geographic posi-
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tion is computed for each exposure [Birge, 1985]. In this stage, acquired images are used
as pictorial information without any geometry extraction.

An important advance of such systems took place with the invention of the civil GPS
antennas and video cameras. On the one hand video cameras simplify image sequence
recording, on the other hand each sequence can be positioned in an absolute coordinate sys-
tem. The result is a set of georeferenced image sequence along a highway [Schwarz u. a.,
1990; Lapucha u. a., 1990]. Poor image quality and lack of stereoscopic sequences made
precise measurement dif�cult. However some information such as height and offset can be
extracted [Tao, 1997].

The most important evolution in data-collection for road took place with the generation
of mobile mapping systems thanks to the effort made by the mapping center of Ohio State
University and the Department of Geomatics Engineering at Calgary University [Schwarz
u. a., 1993; Novak und Bossler, 1995]. The main advantage of MMS is that it provides geo-
referenced digital data that can be analysed directly with computers. Moreover these sys-
tems are often equipped with more than one camera allowing stereo imaging and Laser scan-
ners. So accurate 3D measurement is possible. The table 2.3 shows some data-collection
systems used for road surveyings.

System Positioning Acquisition system Reference

MHIS GPS,INS,Gyro. Video [Lapucha u. a., 1990]
GeoVan GPS 8 video www.geospan.com
Kronos GPS, Odometer 1 video www.geo-3d.com

Digital Imaging GPS CCD, Video www.intlcybernetics.com

ARAN© GPS,INS
1 VHS, 2 CCD,

www.roadware.com
Laser

GPSVision GPS,INS Stereo CCD [He, 2002]
VISAT™ GPS,INS Stereo CCD [El-Sheimy, 1996]
Photobus GPS,INS 1 CMOS [Gontran u. a., 2003]
IRCAN Odometer 1 CCD www.lcpc.fr

— GPS,INS Video, Laser [Yu u. a., 2007]
LARA-3D GPS,INS Laser [Abuhadrous u. a., 2004]

— Indirect methods 2 Lasers ,1 CCD [Früh und Zakhor, 2005]

GeoMaster
GPS,INS, 6 line CCD

[Zhao und Shibasaki, 2003]
Odometer 3 Lasers

Table 2.3: Some mobile mapping systems used for road inventory.

VISAT™(See Figure 2.19(a)) was developed at the University of Calgary in the early
1990s [El-Sheimy, 1996]. It was one of the �rst terrestrial MMS. Recently, an improved
version is developed by Absolute Mapping Solutions Inc in Calgary, Canada. This system
integrates a cluster of digital cameras (See Figure 2.19(b)), receiver of the Global Position-
ing System (GPS), an Inertial Navigation System (INS), and Distance Measuring Instrument
to collect panoramic views along roadways throughout the project area. The Figure 2.19(c)
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(a) (b)

(c)

Figure 2.19: According to [Absolute Mapping Solutions Inc.]: (a) VISAT™ MMS, (b)
Vision component, (c) samples of provided georeferenced images.

shows some georeferenced images provided by this system.
An MMS called GPSVision is proposed in [He, 2002]. This MMS provides georefer-

enced stereo-pairs. A software is provided for visualising and processing the stereo-pairs.
The user can click on the interest points in the right and left images and a 3D position is
computed in an absolute coordinate system by photogrammetric triangulation. After adding
some semantics information to the reconstructed feature, it can be directly integrated into
GIS.

The very large amount of data collected by these systems implies a high degree of au-
tomation of feature extraction and reconstruction. Li u. a. [1996] propose an object-directed
and user-guided strategy for semi-automatic feature reconstruction. The user recognizes a
feature and activates an object-directed algorithm to automatically reconstruct the feature.
A number of object-directed algorithms such as road centerline, road boundary and vertical-
linear objects are proposed.

In the following, we give a classi�cation of existing methods in the literature and indus-
trial solutions for road inventory. The classi�cation is performed in relation with the feature
of interest.

2.6.1 Road signs extraction

The georeferenced image provided by mobile mapping systems proved to be useful sources
of data for road features inventory generation. Among these features, road signs are im-
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portant for many applications such as autonomous navigation projects. These applications
motivated automatic extraction of road signs from ground-based images. In the following
we give some references of related works.

Tao [2001] proposes an algorithm for reconstruction of vertically structured objects such
as road signs, light poles, etc. The algorithm is based on detection of vertical edges in image
space, followed by line-segment estimation and line matching. The reconstructed vertical
lines are then intersected with ground model to obtain the footprint of vertical object. This
approach is quite generic for extraction of vertical objects, but does not recognise kind of
road sign.

Habib u. a. [1999] propose an algorithm based on classi�cation of color images for
hypothesis generation. This step takes bene�t from known colors of road signs. Then during
a validation step, the geometric characteristics of the hypothesis is analysed to see how well
they �t the standard geometric model of road signs. The result consists in boundary of
detected road signs in image space.

Dahyot u. a. [2000] propose a robust unsupervised pattern recognition system which is
based on M-estimators. This method is generic and not limited with any particular appli-
cation. Performance of the method in recognition of road signs are demonstrated under
adverse conditions such as occlusions and noises.

2.6.2 Road surface inspection

These methods provide information about geometry and condition of road surface.
Some commercial imaging systems include ARAN©, GeoVan and Digital Imaging and Pro-
�ler Systems (See Table 2.3).

The ARAN© system is developed at Roadware Group Inc. for collecting pavement con-
dition. It uses laser scanners and video camera to provide geometric road pro�le and rut
measurements. Figure 2.20 shows the data collector system and a screenshot of proposed
software for crack measurement.

GeoVan is an MMS developped at Geospan Corporation for collecting road distress in-
formation and pavement condition from video sequences.

The International Cybernetics Corporation propose the Digital Imaging System for dis-
tress measurements and Pro�ler System for �atness measures and road slope draining sys-
tem checking.

Within scienti�c papers Yu u. a. [2007] uses video sequences and laser scanners to col-
lect road data. A 3D surface reconstruction is proposed that process the raw data provided
by a laser scanner. The provided accurate 3D model is textured with higher resolution 2D
image. The output is used for characterisation and visualisation of cracks.

Laurent u. a. [1997] uses two synchronized laser scanners in order to obtain transverse
3D and intensity pro�les. An algorithm is proposed for rut and crack detection. The output
of algorithm is a crack map of the pavement.
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(a) (b)

Figure 2.20: According to [Roadware Group, Inc.], (a) Roadware's Automatic Road Ana-
lyzer (ARAN©), (b) WiseCrax© system screen: automatically detected cracks overlaid on
pavement image.

LARA-3D is developed atEcole Nationale Supérieure des Mines de Parisfor digitising
urban areas (See Figure 2.21(a)). It is equipped with a 2D laser scanner for data collecting
and GPS/INS and odometer for positioning [Abuhadrous u. a., 2004]. They propose some
real-time algorithms for segmentation and modelling of different features in the city such as
facades, roads, trees, etc. Segmentation is performed only on the geometry of the scene con-
sidering direction (vertival, horizontal, etc.) and the shape of objects (planes, spheres, etc.).
Each segmented object is then modelled independently. Road's point cloud is processed
by a decimation algorithm that detects road borders. Figures 2.21(b) and 2.21(c) shows the
results before and after decimation algorithm. Some higher level information such as road
curvature and width are computed with the provided data.

2.6.3 Road lane-markings and boundary extraction

In cartographic applications lane-marking and boundaries give useful information about
number of lanes and road width.

Gontran u. a. [2006] propose a MMS that consists of GPS/INS for georeferencing and
a CMOS camera that is oriented vertical to road surface. The goal in this system is to
provide a cartographic database of road centerline in the trajectory of the system. Due to
speci�c orientation of the camera in relation to the road, the lane marking detection in this
system is based on binarization of the image using a radiometric threshold. In each image
sequence the barycentre of all the pixels passing the threshold is calculated as the center
of lane-marking. The absolute positions of detected elements are then computed using the
known position of the vehicle and the orientation of camera in relation to the vehicle. This
method approximates lane-markings with its barycenter at different positions of the vehicle
along the road. This is too generalised compared to what we try to reconstruct (See Section
2.3).
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(a)

(b) (c)

Figure 2.21: According to [Goulette u. a., 2006]: (a)LARA-3D, on-board laser range sens-
ing prototype, (b) Extracted laser points, (c) decimation result on road scene.

The �rst trial in lane-marking extraction was performed by He und Novak [1992]. The
input of the algorithm consists of georeferenced stereo-images provided by a MMS and
the output is a set of 3D line-segments that represent road edges and centerline. The algo-
rithm starts with line-segments detection on each image and only the line-segments passing
trough an approximated vanishing point are saved. Then the line-segments of similar slope
and offset are grouped to longer line-segments. Finally line-segments of two images are
matched and provide 3D line-segments as road boundary and centerline. This method sup-
poses that the longest line-segments represent the roads lane-markings. This hypothesis can
be violated in an unfavourable traf�c condition and cause false road boundary or centerline.

A more complete and robust algorithm is proposed by Tao u. a. [1998]. Input of the
algorithm is a set of georeferenced stereo-images and the output is a 3D curve that repre-
sents centerline of the road. The method uses a predicted road centerline that is provided by
GPS/INS tragectography. The predicted centerline is projected in the left and right images.
An oriented edge detector is then applied in the predicted centerline direction and edges are
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extracted in its neighbourhood. The fact that centerlines are often lighter than their back-
ground, opposite gradient direction of their two sides, their approximate width and direction
as well as their continuity are the criteria that are used to recognize a centerline in each im-
age. The detected centerlines in stereo-images are then matched in a recti�ed geometry in
relation to the road and provide a 3D centerline curve. This curve is then optimized to min-
imize an energy according to external and internal forces. The method is tested on a large
number of image sequences and provides accurate results under different conditions.

Habib [2000] proposes an algorithm for road edge matching within stereo-images. The
method starts with an edge detection followed by straight-line extraction by Hough trans-
form in each image. After a matching process the candidate 3D straight-lines are computed
by a photogrammetric triangulation. The candidates are projected in the second stereo-
images. In order to validate candidates a statistical method called Multiple Hypothesis
Approach (MHA) is used.

Roncella und Forlani [2006] propose a semi automatic method for road width extraction
from stereo-images acquired by a MMS. In order to compute road width, the algorithm tries
to detect the lane-marking at the two boundaries of road surface. It starts with rectifying
each stereo-images on a horizontal plane in relation to road. Edge points are then extracted
on these resampled images. As lane markings are the linear features, a Hough transform is
used to obtain straight lines. The presence of other linear features can create ambiguities
during the extraction. In order to reduce these ambiguities the Hough transform is applied
on a restricted area, which is initially de�ned by a user on the �rst stereo-pair and tracked
on the following ones. The results of width computation are compared with manual mea-
surements and maximum of difference reaches 10cm. Figure 2.22 presents an example of
obtained results.

Figure 2.22: According to [Roncella und Forlani, 2006]: Example of curved path. The
circular boundaries are approximated by several straight edges.

Cheng u. a. [2007] propose ARVEE (Automated Road Geometry Vectors Extraction
Engine), that is a road geometry extraction system. The input data consists in a set of
georeferenced stereo-images which are provided by the VISAT™system. The algorithm
consists in four steps. The �rst step extracts the linear features in each image. Second, the
linear features are �ltered and grouped into lane line-segments. Third, the 2D line-segments
are matched and provide 3D line-segments. Fourth, the lane line-segments are classi�ed into
different types by a synthetic analysis. Figure 2.23 shows an example of provided results.
As can be seen on this �gure algorithm is ef�cient in free areas but generates some false
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positives in presence of occlusions.

Figure 2.23: According to [Cheng u. a., 2007]: Example of correct reconstruction in the
center of image and false detection in heavy occlusions.

The four mentioned algorithms suppose linear and curve models for lane-markings. The
extraction is so an approximation of a curve or line along entire strips of a dashed-line. On
the one hand the ef�ciency of these algorithms is reduced by occlusion (cars, pedestrians,
etc.), on the other they generalise dashed-lines with a global model (curve or line) and are
not able to delimit different strips within a dashed-line. As discussed in 2.3 this level of
generalisation is not acceptable in our application.

2.7 Conclusion and our strategy

Large number of existing algorithms of roadmark extraction from ground-based systems are
mentioned in Sections 2.5 and 2.6. These systems are different from data collection, data
analysis and applied assumptions points of view. Ef�ciency of these methods in presence of
problems such as occlusions, illumination variation, perspective deformation vary widely.
The reader is invited to refer to comparison of the most common methods which is provided
in Table 2.4.

As explained before, we look for a fully automatic method for 3D reconstruction of
roadmark objects. Required properties of method are as follows:

• Robustness to illumination variations:This is why radiometric thresholding is avoided.

• Robustness to partial occlusions:For example occlusion of some strips of a dashed-
line must not stop reconstruction of other strips. The methods supposing global para-
metric curve or straight-line models for dashed-lines can suffer from partially occlu-
sions and as a result cause false detections or miss detections (See Figure 2.23). At
a higher level, the algorithm must allow to reconstruct a strip even if it is partially
occluded.

• Vector representation :This representation simpli�es integration of data in a GIS and
also use of data in linked applications. This is why pixel-based and region-based
strategies are not adopted. For this purpose, edges and line-segments seems to be
particularly interesting.
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• Capacity for integratinga priori knowledge (size and shape):As mentioned before,
the shape and size of roadmark objects are known. It is useful to introduce this knowl-
edge in the roadmark recognition process. However, objects are often deformed by
perspective effect in image space. This deformation reduces considerably ef�ciency
of metric constraints. This is the reason why 3D methods such as stereo vision are of
great interest.

• High geometric accuracy:As explained before we need to reach a 2cm geometric
accuracy. At this precision road surface can no more be approximated by a plane. This
requirement justi�es a precise 3D reconstruction using stereo matching techniques.

In order to ful�l all the above requirements, we propose an algorithm that consists in
three main steps of 3D linked-edge reconstruction, roadmark detection and roadmark mod-
elling.

1. The �rst step provides 3D linked-edge by matching left and right image (Chapter 3).

2. Second step consists in �ltering of reconstructed linked-edges. It provides hypotheti-
cal roadmark objects (Chapter 4).

3. The last step provides a �ne model for the validated hypotheses and reject the other
ones (Chapter 5).

Flowchart of Figure 2.24 depicts the global strategy. Next part of the manuscript ex-
plains this roadmark reconstruction algorithm.
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Figure 2.24: Our roadmark reconstruction and georeferencing strategy.
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Part II

3D reconstruction of roadmarks





Chapter 3

Contour matching and 3D linked
edge reconstruction

3.1 Stereo-restitution principles

3D automatic reconstruction from stereo-image is widely applied in different domains of
cartography, inverse engineering, machine vision, etc. It can be de�ned as the technique
providing 3D information from two images of an object taken from different points of view.
It consists of three main steps:

• Sensor pose estimation,

• Stereo matching,

• Triangulation.

The result of stereo-restitution is a set of 3D coordinates of points describing the matched
features.

3.1.1 Geometric caracterisation of stereoscopic vision system

Figure 3.1 demonstrates a stereoscopic vision system.CL andCR represent the projection
centers of the left and right camera respectively. The distance between two projection cen-
ters is called Baseline (B). The Projection of 3D pointA in left and right images areaR

andaL. Two pixels in two images are called homologue points if they correspond to the
same 3D point. The variation of homologue points within stereo-images is called disparity
(parallaxA = aL � aR). Knowing the geometry of stereo-images the parallax can be trans-
formed to depth information (D). Equation 3.1 indicates the relation betweenparallax of a
point (represented byr ) and its depth [Mof�tt und Mikhail, 1980]. For simpli�cation, it is
supposed that the two image planes are parallel.f is the focal distance.

D =
B f
r

(3.1)

In a stereoscopic system, the projection centers (CL , CR), the 3D point (A) and its projec-
tions in the left and right images (aL , aR) are belonging to a plane called theepipolar plane.
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Figure 3.1: Photogrammetric stereoscopic geometry.

The intersection of theepipolar planewith the image plane are calledepipolar lines(laR ,
laL). The homologue point of each point onlaR is on laL and vice versa. Given a point in
the left image (pL) and knowing the geometry of stereo-images, the correspondingepipolar
line in the right image (lpR) can be estimated. Thus, search space for homologue point can
so be reduced to a 1D space. The position and orientation of theepipolar linesin each
image is a function of the relative orientation of two images. However the two images can
be resampled in order to align theepipolar lineswith image rows. This resampling can
simplify considerably the implementation of matching algorithm.

An important factor in stereoscopic systems is the relation between the baseline and ob-
jects' depths (B=D). The longer the base the better the depth discrimination. Equation 3.2
expresses the relation between depth precision (sD) andB=D [Mof�tt und Mikhail, 1980].
s r indicates the precision of theparallax (disparity) measurement. Often the stereo-base is
adapted to the distance from object to provide the required accuracy.

sD =
D s r

(B=D) f
(3.2)
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3.1.2 Stereo matching

As explained in Section 3.1.1, knowing the orientation of stereo-images, features can be
reconstructed in 3D by photogrammetric intersection using corresponding points. Finding
point correspondence is often the most complex problem in vision-based 3D reconstruction
algorithms. Thinking of a matching algorithm consists in answering two main questions:
1)What to match? 2) How to match? The answer of both questions depends on the context
and objectives of application in terms of shape of the objects, accuracy, level of details,
computing time, type of surface representation etc. Many researchers have investigated
the problem of image matching. The proposed algorithms are different as the contexts and
applications diversify. Differences between the matching algorithms are often due to the
three following choices:

• Type of primitives,

• Type of matching constraints,

• Type of global matching strategy.

The �rst aspect stands for the question of «what to match » and the two others for the
question of «how to match ». In this Chapter we give a brief review of state of art in
employed primitives, applied constraints and global strategies in matching algorithms. Then
we present and justify our algorithm in relation to state of art and our needs in term of
accuracy, level of details and computation time.

Type of primitives

Matching is often performed between feature sets belonging to the left and right images.
The choice of matching primitive should depend mainly on the application and character-
istics of the scene. However some important criteria must be considered. In other words,
matching primitives must be invariant, stable and possible to localise accurately within left
and right images.

Many types of primitives are found in the literature. They vary from low-level ones
such as pixels [Wood, 1983; Panton, 1978] to intermediate level ones such as interest points
[Moravec, 1977], linked-edges [Han und Park, 2000] and line-segments [Schmid und Zis-
serman, 1997]. More complex primitives also can be extracted in each image. Then match-
ing process is performed on the extracted complex features. Chehata u. a. [2003] propose
an algorithm for region matching in a stereo-image scenario.

Often more complex primitives reduce matching ambiguity and are easier to match.
However their extraction is more dif�cult. In each application the choice of matching prim-
itive should provide an equilibrium between extraction complexity and matching complex-
ity.

Local constraints

Similarity constraint: In a matching problem, constraints are needed to retrieve true
matches within all matching candidates. The most important constraint is the similarity
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constraint. Two corresponding primitives must be similar. A similarity measurement that is
invariant to stereo projection must be de�ned. Often photometric and geometric attributes
of features are used to de�ne similarity measurements. The photometric measurements are
based on comparing the radiometric characteristics of 3D objects when projected in differ-
ent images. This is performed usually by comparing gray scale or color values, gradient,
contrast, etc. Geometric properties such as size and orientation seem to be more stable.
However they can variate from one image to the other because of different image orienta-
tions. Figure 3.2 shows such scenario in our ground-based images of urban area.

Figure 3.2: Variation of geometric properties within a stereo-image. A set of 90 pixels of the
left images corresponds to only 45 pixels in the right one. In this scenario even correlation
measurement fails if geometric deformation is not taken into account.

Search area constraint: The matching problem within two views is an ill-posed problem
[Poggio u. a., 1985], because the solution is not unique. Complexity and probability of the
error in a matching problem are increasing with size of search area. In order to decrease
search area, local photogrammetric constraints are often applied. In stereo-matching sce-
narios,epipolar geometryand credible parallax interval are applied as local constraints to
decrease the search space. However, even after applying local constraints a unique solu-
tion is not still available. In order to provide a unique solution, global constraints that are
deduced from physical properties of the scene are applied during a global strategy.

Global constraints

Uniqueness constraint: Marr und Poggio [1977] suppose that a given point on a physical
surface has a unique position in space and variation of surface in relation to the viewer is
small. They deduce that each pixel in one image can correspond at most to one pixel in other
image and disparity varies smoothly in image space. However different viewing directions
between two images together with object slope, can set up a con�guration in which the
region corresponding to one pixel in one image is projected in more then one pixel in the
other image.
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Ordering constraint: This constraint states that relative positional order of objects are
conserved within the images. So moving forward in one image during matching process,
it is forbidden to move backward in other image. It can reduce the search space during
matching and help to avoid false matches. However this hypothesis is not always veri�ed.
Specially in an urban scene the order of objects can changes from one image to other when
seen from an stereo camera system. Figure 3.3 shows an illustration of such an order insta-
bility within images.

Continuity constraints: This constraint supposes that the scene is constituted of contin-
uous patterns such as continuous patches of surfaces, edges, etc. It follows that the disparity
is a continuous function [Marr und Poggio, 1977]. But, often surfaces are only locally con-
tinuous.

Pollard u. a. [1985] applied disparity gradient limit that relies on surface slope limit.
It reduces considerably search space and the number of false matches. The continuity of
surface is applied successfully in small scale images. However the presence of many occlu-
sions together with several different direction of objects in terrestrial stereo-poses reduces
considerably the ef�ciency.

Other research works have investigated the�gural continuity which supposes that the
contours in an image correspond to 3D continuous curves. So the variation of disparity
along a contour in image space is continuous [Mayhew und Frisby, 1981]. This constraint
can be violated by occlusions and perspective deformation, that are frequently present in
terrestrial contexts.

Global strategy

As mentioned before local constraints do not provide a unique matching solution and several
matching candidates are plausible. In order to reduce matching ambiguities, the global con-
straints should be applied. However the so called global constraints are not absolutely true
constraints and can be violated by the perspective deformation, discontinuities, occlusions,
etc. So they can not be applied directly in the matching process. This is the reason why
a global strategy is needed to administrate the constraints and provide an unique solution.
Proposed strategies are quite different due to differences of application, extracted primitive,
needed accuracy and computation time. A very rich states of art can be found in Scharstein
und Szeliski [2002]. Here we give a brief review on the global matching strategies often
used in feature matching.

Winner-take-all: In this technique, the only discrimination criterion is the similarity
measurement. Indeed for a primitive in left image, all the candidate primitives in right
image are considered and the match corresponding to maximum of similarity measure is
chosen as a local optimum solution [Mohammed u. a., 1979]. The so called strategy is
used by Schmid und Zisserman [1997] for line matching within stereo-images. The main
advantage of this method is its speed. Its disadvantage is that the uniqueness of solution
is only enforced in �rst image whereas a primitive of the other image can correspond to
multiple primitives of the �rst image.
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Figure 3.3: Order of stanchion changes from 1-2-3 in the left image to 2-1-3 in the right
image.
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Reciprocity matching In most of strategies, the matching is performed from left image to
right orvice versa.Bijective strategies propose to change the roles of two images and accept
only the matches that are stable in the two modes. It provides good results in presence of
occlusions and can be implemented simply for feature matching Faugeras u. a. [1996]; Ma
und Thonnat [1993].

Coarse-to-�ne matching: It consists in under-sampling each image in a multi-scale
framework. The matching starts at the coarsest level. The idea is to guide the search space
of each level using the matches established at a coarser level. Scale reduction, decreases
the search space and so the probability of false matches. Moreover computation time is re-
duced because of smaller number of candidates to test. The so called strategy can integrate
all other matching strategies. In dense pixel matching it consists of image under-sampling
in different scales and matching from coarsest level to the �nest level [Hannah, 1989]. In the
primitive based matching it consist of hierarchical primitive extraction on the same image
with different parameters [Chen und Medioni, 1990].

Graph search: This strategy is applied by Horaud und Skordas [1989] for line-segment
matching within stereo-images. Each line-segment is characterised in each image by its
position, orientation and its relationship with the nearby line-segments. So arelational
graphis build for each image. For each line-segment a set of potential assignment in other
image is determined by taking into accountepipolar, position and orientation constraints.
A correspondence graphin which the nodes represent assignments and the arcs express the
compatibility between assignment is de�ned. The problem of line-segment matching is so
transformed to the problem of searching for a set of reciprocally compatible assignment.
This is performed by looking for maximal cliques. The maximal clique which represents
the maximum sum of similarity measures is chosen as the �nal solution.

Dynamic programming: It can �nd the global minimum of constrained optimisation
problems in polynomial time. It is based on separation of a large problem into smaller
problems. It was �rst used by Baker und Binford [1981] for edge matching in a stereo
context. It is based on primitive matching along conjugatedepipolar lines. Primitives are
extracted in each image. The sequence of primitives on left and rightepipolar lineform
a 2D correspondence graph in which each node represent a matching possibility. To each
node a matching cost is associated. The problem of matching can be considered as �nding a
minimum cost path in the correspondence graph by taking into account ordering, uniqueness
and disparity gradient constraints. Dynamic programming provides an optimized solution
for eachepipolar line. This is why it can be considered as a one dimensional optimization
method. The main problem of matching with this technique is to administrate the constraint
between nearbyepipolar lines. For this purpose an interesting work in performed by Bail-
lard und Dissard [2000] by taking into account�gural continuity along contours (linked
edges).

2D optimisation methods: These methods are formulated in a global energy minimisa-
tion framework. The objective is to �nd a disparity function that minimise a global en-
ergy. This energy consists in a weighted sum of two terms. The �rst is called data-term
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that measures how well a disparity function agrees with input image pair. The second is
called smoothness-term that encodes smoothness assumptions made by algorithm. The lat-
ter term control the smoothness of disparity function between neighbouring pixels. A global
minimisation of the energy can be obtained bymax-�ow andgraph-cutmethods Roy und
Cox [1998]. The advantage of these methods in relation to dynamic programming is that
smoothness constraint deals implicitly with both directions and not only withepipolar line
direction.

3.2 Speci�c context of the thesis

The selected primitive and global strategy in this thesis rely on the properties of available
data-set (ground-based stereo-pairs) as well as the context of our application and objectives.

Regarding the speci�cations of our input image data (See Section 2.2), the across track
Ground Sample Distance (GSD) at a distance of 10mfrom stereo-base is 3mm. Indeed the
stereo-base is short. Using Equation 3.2 and supposing a matching accuracy of one pixel
(s r = 1 pixel) it follows that depth accuracy will be 2:5 cmand reaches approximately the
objective accuracy for 3D roadmark reconstruction (2cm). However 3D reconstruction is
only an intermediate step and does not provide the �nal result. The provided accuracy with
pixel quality matching is already slightly higher than our objective. Moreover feature mod-
elling (roadmarks) introduces often some approximations in the process and accumulate
errors. This is the reason why at this stage a subpixel matching quality is required.

Considering our application and the needed accuracy, edge and corner point features
appear to be interesting matching primitives because:

• Thanks to ef�cient algorithms they can be extracted accurately in image space [Canny,
1986; Harris und Stephens, 1988; Devernay, 1995].

• Corner points map the roadmark features vertexes and edges represent their borders
(See Figure 3.4).

In real urban scenes, the presence of cars and pedestrians, can occlude roadmarks par-
tially. In such scenarios the occlusion of each roadmark object vertex can fail the pattern
recognition step whereas occluded vertexes can be estimated by intersecting non occluded
or even partially occluded sides (See Figure 3.4). This is the reason why edges are chosen
as matching primitives rather than corner points.

3.3 The matching approach

As explained in Section 3.2 edges are well adapted features to be used in our roadmark
reconstruction application. Edge matching is investigated in the literature under two main
forms:

• Line-segment matching,

• Linked-edges (contours) matching.
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Figure 3.4: Partially occluded zebra-crossing strip by a pedestrian.

3.3.1 Line-segment matching

Within the �rst approach, edges are extracted with an edge detector [Canny, 1986; Deriche,
1987; Sobel und Feldman, 1968], they are then linked and approximated by line-segments.
These line-segments are then used as matching primitives. Horaud und Skordas [1989]
present a graph search method that match a group of line-segments in a stereo framework
by taking into account the relationship between nearby line-segments and geometric simi-
larity measures. Schmid und Zisserman [1997] propose a correlation-base similarity mea-
surement followed by a winner-take-all strategy to �nd a unique solution within a stereo-
matching framework.

The main problem of these approaches is that the approximation of linked-edges by
line-segments often cuts out contours into multiple fragments. Moreover it is a dif�cult task
to �nd optimal approximation parameters that gives a trade off between approximation error
and fragmentation effect in the image space.

This is the reason why we aim at matching directly linked-edges without any approx-
imation in image space. However reconstructed 3D linked-edges can be approximated to
3D line-segments. The advantage of 3D space is that parameters of approximation can be
selected regarding real conditions without any perspective deformation.

3.3.2 Linked-edges matching

Within the second strategy the linked-edges are directly used as matching primitives. Han
und Park [2000], propose a correlation-based matching. The correspondence between two
linked-edges is deduced from the proportion of edge point correspondences. Serra und
Berthod [1994] propose a geometric-based matching by dynamic programming approach
for sub-pixel edge matching. Edges are not stable from one image to the other. In the
general case, linked-edges can be deformed, fragmented or can totally disappear from one
image to the other and edge chain matching will failed.
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Instead of working with linked-edges and trying to match the totality of a contour with
corresponding one in the other image (we recall that in the other image, it can be fragmented
and so there is not only one corresponding contour), Baillard und Dissard [2000] propose to
match each individual edge point. In order to respect contour continuity, during the match-
ing process edge points that belong to the same contour in one image are encouraged to
match a same contour in the other image. The algorithm is based on dynamic program-
ming optimisation along conjugate epipolar lines in aerial stereo-image framework. An
initial matching cost function is de�ned as a combination of intensity and contrast direction
similarities. A�gural continuity constraint is then implicitly introduced into the �nal cost
function to ensure inter line continuity. Minimization is then performed on the total cost
along allepipolar lines. The advantage of this method is its robustness to fragmentation of
edge chains between images.

We adopt a similar strategy in order to be robust to contour fragmentation. Section 3.4
gives a brief description of Baillard's contour matching algorithm. Section 3.5 discusses
the main dif�culties in the algorithm in our ground-based context. Finally Section 3.6 gives
some solutions to overcome these dif�culties and provides a subpixel quality edge matching.

3.4 Review of Baillard's contour matching algorithm

Baillard und Dissard [2000] propose a hierarchical matching algorithm dedicated to aerial
images of complex urban scene. The algorithm begins with matching edge points using
epipolar geometryand taking into account�gural continuity along linked-edges. This pro-
vides piece wise continuous 3D edges. Then interval pixels between matched edges are
matched using radiometric and geometric constraints to provide a dense elevation model.
We focus only on the edge matching algorithm. Given a calibrated stereo-pair, the images
are re-sampled inepipolar geometry. Contours are extracted in each image and provide left
and right binary images of edges. The matching is performed using a dynamic programming
optimisation.

3.4.1 Dynamic programming optimisation

Dynamic programming is an ef�cient method for solving constrained non linear optimisa-
tion problems. Baillard und Dissard [2000] formulate edge matching as a cost minimization
problem alongepipolarlines by taking into account the constraints such as similarity, order
and�gural continuity along linked-edges. In eachepipolarline, edges constitute an ordered
primitive sequence. The problem is to match the primitives of left and right sequences. This
is performed in what is called correspondence graph (See Figure 3.5(a)). Supposing that
(L0;L1; � � � ;Ln) and (R0;R1; � � � ;Rm) constitute left and right edge sequences (horizontal
and vertical axis of correspondence graph), the node(Li ;Rj ) represents a potential match
betweenLi andRi edge points. The goal is to �nd the path with minimal cost which links
(L0;R0) to (Ln;Rm). For each node(Li ;Rj ), (C(i; j)) expresses the cost of elementary path
that links it to(L0;R0). It is calculated recursively within a disparity range by Equation 3.3.
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(a) (b)

Figure 3.5: According to [Baillard und Dissard, 2000], (a) correspondence graph and match-
ing path, (b) Elementary paths for dynamic programming

C(i; j) = min

8
><

>:

C(i � 1; j � 1)+ match(i; j) (1)

C(i � 1; j) + occ(i) (2)

C(i; j � 1)+ occ( j) (3)

(3.3)

According to order constraint a path going trough a node(Li ;Rj ) can come from only
three directions (See Figure 3.5(b)).

• Path 1 denotes a match between two edge points with the matching costmatch(i; j).
So the total cost for going from origin to(Li ;Rj ) is the sum of the costs for going
from origin to(Li� 1;Rj � 1) and the cost for going from(Li� 1;Rj � 1) to (Li ;Rj ).

• Path 2 denotes a point which is visible in left image but occluded in right image with
occlusion costocc(i; j). So the total cost for going from origin to point(Li ;Rj ) is
the sum of the costs for going from origin to(Li� 1;Rj ) and the cost for going from
(Li� 1;Rj ) to (Li ;Rj ).

• Path 3 is reversed compared to path 2.

The disparity range is computed considering known range of object position in relation
to the stereo-base (See Figure 3.6). Nodes which are located out of disparity range are
avoided by associating the maximal cost(C(i; j) = + ¥ ). The green regions in correspon-
dence graph of the Figure 3.5 represent such forbidden areas. This constraint reduces con-
siderably search space and computation time. The reduction of search space decrease the
probability of false matches.
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Figure 3.6: The relation between disparity range and object space. Aerial applications often
suppose that all 3D objects are included withinZmin andZmax. So the pointal corresponds to
a point inAA0range. Its projection in the right image is called disparity range(DR= ara0

r ).

3.4.2 Matching costs

Matching cost of a potential match(Li ;Rj ) is de�ned in two stages. First a similarity-based
function is used to compute an elementary cost within a disparity range and propose poten-
tial candidates applying a threshold on the similarity measure. For the proposed potential
matches a �nal matching cost is then calculated by taking into account the elementary cost
and the�gural continuity along linked-edges.

Elementary matching cost

The variation of intensity and gradient direction are used following Equation 3.4 to de�ne
an elementary matching cost between two edge points.

match0(i; j) = a
min[DIl (i; j);DIr (i; j)]

DI0
+ b

Dq
Dq0

(3.4)

WhereDIl (i; j) andDIr (i; j) are grey level difference at left and right of the edge points.
DI0 is its normalisation factor (255 for 8 bits images).Dqis the gradient direction variation
between two edge points. It is normalised byDq0 = p. a andb are weight values and satisfy
a + b = 1. A pair of edges(Li ;Rj ) constitutes a potential matching ifmatch0(i; j) < Cmax.
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Figural continuity and �nal matching cost

The �nal match cost for a potential match is calculated by introducing implicitly the�gural
continuity constraint into computed elementary matching costs. The contours are parti-
tioned in linear segments using a polygonal approximation. Then the distribution of poten-
tial matches is analysed supposing that disparity varies continuously along a segment. More
precisely the partitioning step provides two set of segments in each images (PL andPR). A
consistency notion is de�ned between two potential matches(L1;R1) and(L2;R2). If L1 and
L2 belong to the same segment in left imageSL, they said to be consistent if they satisfy the
following property:

L1 2 SL ^ L2 2 SL (3.5)

8d 2 N;d1 � d � d2;9(L;R) 2 PL=L 2 SL and d = disp(L;R) (3.6)

where:

SL : a line-segment in left image

(L1;R1); (L2;R2) : two potential matches.

d1 = disp(L1;R1);d2 = disp(L2;R2)

disp(Li ;Rj ) : disparity value for potential match(Li ;Rj )

if (Li ;Rj ) denotes a potential match withLi belonging to a segment in left imageSL and
Rj belonging to a segment in right imageSR. The corresponding �nal matching cost
(match(i; j)) is computed as follows:

match(i; j) =
1

`max
å

Lk2SL

cmatch(i; j)(k) (3.7)

where:

`max : max(`(SL); `(SR))

` : is the segment length

cmatch(i; j)(k) =

(
match0(k; l ); if 9Rl =(Lk;Rl ) consistent with(Li ;Rj )

Cmax; otherwise

3.4.3 Occlusion cost and optimisation

The matching is performed in a correspondence graph (See Figure 3.5(a)). The cost of a
node is computed regarding con�guration of Figure 3.5(b) and using Equation 3.3. The �nal
matching cost is de�ned by Equation 3.7. The occlusion cost of a point (occ(i)) is de�ned
as a function of maximal matching cost (Cmax) by Equation 3.8.

occ=
Cmax

2
(3.8)

Equation 3.8 expresses that ifmatch(i; j) < 2occit is preferred to accept the match between
Li and Rj (path 1) than occlusion of bothLi and Rj (paths 3 and 2). The matching in
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correspondence graph is started with a prede�ned(L0;R0) in the disparity domain. Other
extremity of path is free and is constrained to minimise the total cost alongepipolar line.

3.5 Remarks on the application of the Baillard's algorithm to
our terrestrial scene

The inputs of Baillard's contour matching algorithm consist of a calibrated aerial stereo-pair
and an altitude range (Zmin;Zmax). In our terrestrial stereo-pairs acquired under real urban
conditions, the algorithm can not be applied in the same way. This is due to speci�c acquisi-
tion geometry and higher complexity of urban scene when imaged at high resolution. More
precisely due to following reasons the algorithm is not ef�cient and needs some adaptations.

Disparity domain

As mentioned in Section 3.4.1 and seen in Figure 3.6 the search space in matching process
is limited considering an altitude range. This causes two forbidden areas in correspondence
graph (See Figure 3.5(a)) and restricts the disparity search area. The more the search area is
restricted the less complex the matching process is. In our terrestrial stereo-pairs (See Figure
3.7(a)) the large depth �eld (0;¥ ) causes a very large disparity domain. It is translated by
the reduction of forbidden areas in correspondence graph and decreases considerably the
ef�ciency of this constraint. In other words, for a given edge point in the left image the
corresponding edge point in the right image can be situated from the most left to the most
right extremities of corresponding epipolar line. It can cause matching failure in the case of
pattern repetition together with occlusions.

Perspective deformation

As seen in Figure 3.7 edges that correspond to zebra-crossing strips do not have similar
orientation. This is due to signi�cant perspective deformation on the road surface. This
deformation is not constant everywhere in the image space and depends on the direction and
position of features in relation to the stereo-base. Perspective deformations are minimal on
the facades that are nearly parallel to images plane and maximal on the road surface which
is perpendicular to the image plane. This scenario can disturb matching cost computation
of Baillard's algorithm in two ways.

Firstly, the use of edge point gradient direction in the elementary matching cost function
(See Equation 3.4) increases wrongly matching cost of corresponding points.

Secondly, the segment inclination caused by perspective effect can disturb the �nal
matching cost. Perspective deformation increases with distance from image's center. An
important deformation can incline the segments to a direction nearepipolar line. This is
the case for the line-segmentSL in Figure 3.8(a). In this scenario more than one pixel of
SL are situated on the sameepipolar line. Baillard proposed to conserve only the �rst and
the last pixel on eachepipolar line (represented as black pixels in Figure 3.8(a)). Table
3.1 represent potential disparities on eachepipolar line for matchingSL to SR1 or SR2 by
taking into account only the �rst and the last pixel on eachepipolar line. Figure 3.8(b)
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(a) Left and right images of a stereo-pair acquired by theStereopolissystem

(b) Edge extracted from the left image.

(c) Edge extracted from the right image.

Figure 3.7: Different orientation of homologous contours caused by perspective deforma-
tion.

shows potential disparity histogram. Regarding this histogram, Baillard's�gural continuity
constraint is violated in two ways.

• Potential disparities relatingSL to SR1 (blue bars) comprise disconnected elements in
the histogram. So even if these elements correspond to the same segment, regarding
Equation 3.6 they are not consistent and so penalised in the �nal cost computation
(See Equation 3.7).

• Lets suppose thatSR1 is the good match forSL. Regarding the histogram, a connected
element is formed by potential disparities driven fromSR1 andSR2 (the red and blue
bars in Figure 3.8(b)). So the pixels ofSR2 being consistent with one part ofSR1, are
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wrongly favoured in the �nal matching cost computation.

(a) Potential match between a segment in left image (SL) and two segments in right image (SR1

andSR2). Orientation difference is caused by perspective deformation.

(b) Histogram of potential disparity for pixels ofSL. The blue bars express po-
tential disparities relatingSL to SR1 and the red ones represent those relatingSL
to SR2.

Figure 3.8: Inclined contour matching problem.

h h h h h h h h h h h h h h h hhEpipolar Line Nb
Disparity

SR1 SR2

0 0,-2 —
1 -2,-4 —
2 -5,-6 -1,-2
3 -6,-8 -2,-4
4 -8,-10 -3,-5
5 -10,-12 -4,-6

Table 3.1: Potential disparity values along the segmentSL of the Figure 3.8(a).

3.6 Adaptation of Baillard's algorithm to our speci�c applica-
tion

As explained in the previous Section (3.5) the two main problems of the contour matching
algorithm are the too large search space and the matching cost computation. In fact, urban
features when seen from ground-based systems represent variety of features with different
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position and orientation such as facades, road surface, vehicles and moving objects. This is
why in contrast to aerial images, it is not possible to use a unique parameter set for the whole
image. However the search space and matching constraint must be adapted to match each
of these features (road, facade, etc.) by taking into account their orientation and position.
Our object of interest being road surface, we explain in Sections 3.6.1 and 3.6.2 how search
area and matching cost are adapted for road features.

3.6.1 Search area constraint

We aim at providing more accurate matches in a satisfactory time. This is performed by
limiting the search area to an area around the approximate road position. Figure 3.9(a)
shows the geometric con�guration of the system in relation to road surface. Cameras are
mounted in a nearly horizontal position, at heighth above road surface. We de�ne a 3D
coordinates system with left camera center as origin (O). TheX andY axes are de�ned to
be parallel to theX andY axes of left image. TheZ axis is then de�ned as cross product of
X andY axes. The foot-print of pointO (the projection center of the left camera) is called
P(0; � h;0). The search area is limited between two planes (P1 andP2) passing through
P with normal vectors that are deviated to� q andq from road approximate plane (P0).
This angular tolerance is adjusted to take into account the eventual pitch angle of the stereo-
camera in relation to the road surface. It can be estimated for each exposure by estimating
the camera deviation in relation to the 3D architectural scene via vanishing point detection
[Cipolla u. a., 1999]. It can be also easily set comparatively greater than the maximum pitch
of the vehicle. Figure 3.9(b) shows the search space region in the correspondence graph
which is a diagonal region with a �x width between two parallel lines denoted byp1 and
p2. These two lines correspond respectively toP1 andP2 planes. The width of this region
depends directly on the value ofq. The correspondence path passes within this search area
and all obstacles (vertical objects, pedestrians, cars, etc.) situated out of this search area
are forbidden. The road area being nearly �at, the path is close to a straight line when seen
at a small scale. However due to the transverse curvature of road the path at higher scale
is not a straight line. Its shape depends on the curvature of the road and the presence of
nearby obstacles (parts of obstacles that are situated within search area such as pedestrian
feet, cars' wheel etc.).

3.6.2 Matching cost constraint

The similarity function should provide a maximal response for real corresponding pair of
points. As discussed in Section 3.4.2, Baillard und Dissard [2000] propose a weighted
function that uses radiometric similarities on left and right of two edge points and their
gradient direction similarity. In our application this function does not provide optimum
response on homologous points due to two following reasons:

• A pixel of our images corresponds to a very small region in object space� 3 mm.
Due to the granularity of the surface, radiometric similarity computed on a window
of only one neighbouring pixel is not signi�cant. In this case radiometric similarity
can be affected by noises and so not stable within two images.

• The gradient direction is not stable due to perspective deformation.
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(a) Con�guration of the vehicle and its imaging system in relation to road surface.
Search space is limited between the planesP1 andP2 passing troughP(0; � h;0)
with vertical deviation ofq and� q aroundX axis.

(b) The correspondence graph related to the search space de�ned between planes
p1andp2 with q = 8� . For a given point on anepipolar line of left image the
disparity domain comprises 12% ofepipolar line length (490 pixels in an image
with 4096 columns).

Figure 3.9: Restriction of search area around road surface.
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Our high resolution images provide good texture information around each edge point that
can be applied in order to increase the discrimination power of the similarity function.
Moreover, on-road features comprise locally continuous and �at regions. This is the reason
why a Normalised Cross Correlation (NCC) may be useful. It is preferred to compute this
coef�cient within a relatively large size window to use maximum texture information and
increase its discrimination power.

In practice we use zero-mean normalised cross correlation (ZMNCC). It is de�ned in
Equation 3.9.ZMNCCis chosen to cope with small variations of radiometric values be-
tween left and right images. However theZMNCCcan disregard also important variation of
radiometry and produce false matches. A match between two radiometrically homogeneous
regions of black and white colours is an exaggerated example. In order to prevent this effect
the elementary matching cost(match0) is set toCmax when the grey level variation is greater
than 30%. This threshold is regulated empirically by testing on a large set of images. Equa-
tion 3.10 denotes the relation between elementary matching cost and zero-mean normalised
cross correlation. TheZMNCCbeing limited between� 1 and 1, the matching cost in the
case of a match is bounded between 0 and 1.

Another possible way for coping with radiometric variation instead ofZMNCC is to
reduce this effect in a pre-processing step. It can be performed by a linear histogram trans-
formation. This transformation is computed by taking into account mean and standard
deviation of left and right images in their overlapping area.

ZMNCC(i; j) =
å c;l2W(Ii(l i ;ci) � µi)( I j (l j ;c j ) � µ j )

N2ss is j
2 [� 1;1] (3.9)

where:

W is the correlation window;

N is the size of correlation window;

Ik(lk;ck) is grey level at pixel(l ;c) of W in imagek 2 f i; jg;

µk2f i; jg is mean of grey levels withinW in imagek;

sk2f i; jg is root mean squares of grey levels withinW in imagek;

match0(i; j) =

(
1� ZMNCC(i; j)

2 ; if jµi � µ j j
max(µi ;µ j )

< 0:3

Cmax; otherwise
(3.10)

The main interest of usingZMNCCfor elementary matching cost computation is to take
bene�t of texture within a large correlation window. However important perspective defor-
mation disturb this measurement when using a large correlation window. A solution is to
deform the correlation window in the same way in order to absorb the perspective deforma-
tion effect. In our case the deformation can be modelled by an af�ne transformation. The
af�nity parameters can be computed using known approximate pose of images in relation
to road surface (See Figure 3.9(a)). As explained in Section 3.4.2 the �nal matching cost
for a potential match is computed by taking into account the�gural continuity along edge
chains. As discussed in Section 3.4.2 perspective deformation not only disturbs elementary
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matching cost value but also the �nal matching cost. So even if the perspective deformation
effect can be reduced in elementary matching cost estimation using adaptive shape win-
dows, it is still troubling in the �nal matching cost computation. This is why we prefer to
reduce signi�cantly this effect from the images. This is performed via image re-sampling
in a recti�ed epipolargeometry (See Section 3.6.3). Furthermore image recti�cation rather
than adaptive shape windows reduces signi�cantly the computation time.

3.6.3 Recti�ed epipolarre-sampling

We recall that the goal of our image recti�cation is only to reduce perspective deformation
of road features. So recti�cation consists of rotating the images about itsX axis up to 90�

(See �gure 3.10). Only the half down part of the image is recti�ed. This part represents the
nearby road regions that are situated betweenDmin andDmax. Dmin corresponds to the most
down-ward line of images. TheDmax is computed as the most distant point at which depth
precision is acceptable. Regarding Equation 3.2 this distance can be estimated considering
the needed depth precisionsDepth and matching accuracys r . So image lines which are

Figure 3.10: stereo-image re-sampling in recti�edepipolar geometry using approximate
exterior orientation.

situated betweendmin (projection ofDmin) anddmax (projection ofDmax) must be recti�ed.
Recti�ed line coordinate of lined in original image is calledd

0
and computed according to
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the following equations:

tanb =
od
f

= cot(
p
2

� b) =
f

o0d0

) o0d0 =
f 2

od
(3.11)

) do0d0 =
f 2

od
2dod (3.12)

Supposing :dod = to pixel size of original image

) tr (od) =
f 2

od
2 to (3.13)

where :

tr (od) is the size of a pixel after recti�cation

By using Equation 3.13 for each line, recti�ed pixel size varies withod. It is larger for
smaller values ofod and vice versa. In order to avoid oversampling we chose the largest
pixel size (tr (odmax)) for re-sampling in recti�ed geometry. In order to obtain radiometric
value at each pixel of recti�ed image, the four corners of each pixel are projected in original
image and de�ne a region. The radiometric value is computed as mean value of the pixels
in this area if the area is suf�ciently large. Otherwise a bicubic interpolation determines the
pixel value.

In order to simplify the future processes, images are positioned inepipolar geometry
and lens distortion is corrected in the same resampling process. Figure 3.11 demonstrates
such a recti�ed stereo-pair. These recti�ed images are used each time that image informa-
tion is required.

Figure 3.11: Recti�ed image withDmax = 15m. The original images are shown in Figure
3.7(a)

3.6.4 Global matching optimisation

The Canny-Deriche edge detector [Deriche, 1987] is applied on each re-sampled stereo-pair
to extract edges. The edge points on conjugatedepipolar lines organise ordered edge se-
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quences and set up a correspondence graph (See Figure 3.9(b)). The search area is limited
around road surface. Matching cost is de�ned according to Equation 3.10 using recti�ed im-
ages. Matching cost is computed for edge points within the search space. The optimisation
is performed according to the con�guration demonstrated in Figure 3.5(b) and the Equation
3.3. The main dif�culty is to regulate occlusion cost (occ). Regarding the discussions of
Section 3.4.3, occlusion cost (occ) depends on maximal matching cost (occ= Cmax=2). Cmax

is related to similarity measure by Equation 3.14. So the relation between occlusion cost
and similarity measurement is obtained by Equation 3.15.

Cmax =
1� ZMNCCmin

2
(3.14)

occ =
1� ZMNCCmin

4
(3.15)

Regarding above equations, occlusion cost is related to a minimal threshold for ZMNCC.
Choice of this minimal threshold must give a trade off between radiometric similarity con-
straint and geometric constraint. The higher the occlusion cost, the more tolerant we are
about matching quality in radiometric similarity point of view. Moreover, in our applica-
tion, road edges can be occluded by cars or even disappear from one image to other (edge
detection problem). This is the reason why we chose a low occlusion cost to allow the al-
gorithm to accept edge occlusion and also to ensure good radiometric similarity between
accepted matches. The occlusion cost is regulated empirically to 0:075 that corresponds to
a minimum similarity threshold of 0:85.

Optimisation is performed independently on each pair of conjugatedepipolarlines. The
results is registered in a disparity map. The disparity map is in the geometry of left image
and for each edge pixel contains the information of corresponding pixel in right image.

3.6.5 3D sub-pixel accuracy reconstruction

The matching process by dynamic programming provides a disparity map with pixel match-
ing quality. So a pixel accuracy 3D reconstruction can be performed. However the stereo-
base is short and does not provide the required accuracy. Indeed at a distance of 15m from
the stereo-base the ratioB=H is 0:1. It provides a 3mmacross track pixel, whereas along
track pixel is about 45mm. The so called effect is still more signi�cant if lower resolution
images are used. Figures 3.13(a) and 3.13(c) demonstrate a pixel accuracy reconstruction
of edge chains. The roughness effect is dramatic. It can produce some dif�culties in 3D
line segment estimation and later in pattern recognition. In order to provide a smooth re-
construction sub-pixel matching quality is achieved by a post processing. Let us suppose
(Li ;Ri) a pixel quality match onepipolar line `Li , we aim at providing corresponding sub-
pixel matching accuracy(Ĺi ; R̂i) on epipolar line ` Ĺi

(See Figure 3.12). It consists in the
following steps:

1. Sub-pixel edge point estimation in the left image (Ĺi). It is performed by quadratic
interpolation of gradient magnitude at a neighbourhood of the pixel [Devernay, 1995].

2. Constitution of sub-pixel qualityepipolarline passing froḿLi . Let us call thisepipo-
lar line (` Ĺi

).
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3. Sub-pixel quality correspondence of pointĹi is located at the intersection of` Ĺi
and

the sub-pixel contour in the right image.

4. Sub-pixel contour in the right image is also computed by quadratic interpolation. The
segmentŔi� 1Ŕi shows a portion of this contour (See Figure 3.12).

5. R̂i is computed as the intersection of` Ĺi
andŔi� 1Ŕi .

6. Ĺi ; R̂i constitutes sub-pixel matching. It is used for 3D reconstruction by photogram-
metric intersection.

Figure 3.12: Sub-pixel matching(Ĺi ; R̂i) estimation. The sub-pixel matching is achieved
by: 1) estimation of sub-pixel position in left image (Ĺi). 2) intersection resulting sub-pixel
epipolar line (̀ Ĺi

) with subpixel contour in right image ((Ŕi� 1Ŕi)).

(a) Pixel accuracy. (b) Sub-pixel accuracy.

(c) A zoom on pixel accuracy. (d) A zoom on sub-pixel accuracy.

Figure 3.13: In�uence of sub-pixel matching on 3D reconstruction.
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3.7 Discussions on parameters setting and tuning

We have presented an algorithm for 3D linked-edge reconstruction. This reconstruction
constitutes the �rst stage of our roadmark reconstruction. As mentioned in Section 2.3 our
algorithm needs to be fully automatic. This implies to study the sensibility of the algorithm
to the parameters and its robusteness under different conditions. The main parameters of
our matching algorithm are related to:

1. Edge extraction,

2. Matching.

Let see how these critical parameters are controlled.

3.7.1 Edge extraction parameters

In our work Canny-Deriche algorithm is applied to extract roadmark borders thanks to their
high intensity gradient. This method implies regulation of two sets of parameters:

a of Canny-Deriche:
The edge detection method begins with computing gradient of intensity. This step implies

a parameter calleda. This parameter controls the accuracy of edge localisation and the
sensibility of the �lter to noise. The higher thea, the more accurate the edge localisation
and the more sensible the method to noise. The majority of the state of the art usea = 1.
However, higher values are also used to improve the localisation. Lower values are used in
noisy images.

In our application, we have high quality images with low noise. So low values ofa are
not interesting. Beside, size of the objects (roadmarks) we look to extract is much higher
than pixel size. Indeed, one pixel in image space correspond approximately to 3� � 5 mm
in object space. So pixel size irregularities of object in image space can be discarded. This
is why we prefer to usea = 1.

Hysteresis thresholds:
Gradient image is computed, edge extraction is performed on this image by hysteresis

thresholding. However re�ected intensities from objects vary with illumination condition,
shadows and texture of objects. Under these conditions, regulation of thresholds is often a
dif�cult task. Inappropriate thresholds cause often over and under-detection problems. It is
a crucial task to �nd a threshold providing trade off between under and over detections.

In an ideal case, these thresholds could be optimaly adapted to each exposure point. This
can be performed by analysing illumination condition at each point and taking into account
the sun direction and known building models. However it is computationally complex and
imply existing 3D model of buildings.

We choose these thresholds empirically on a suf�ciently large set of stereopairs. The
parameters are adjusted such that they minimise under detection over a large set of images.
The values of 2 and 8 are chosen respectively for low and high thresholds. Minimising under
detection can cause large number of over detection. These irrelevant edges can be �ltered
by post processing in the pattern recognition step (See Chapter 4). Figure 3.14 demonstrates



3.7 Discussions on parameters setting and tuning 91

the results of edge detection on a stereopair. Irrelevant edges are caused by local textures on
zebra-crossing and pavement. As seen in Figure 3.14 they are often correctly reconstructed
in the matching step. We apply the same parameters on all stereopairs.

Figure 3.14: Results of 3D reconstruction. Edge extraction parameters: Derichea = 1,
hysteresis thresholds = (2,8). Search space parameters regarding con�guration of Figure
3.9(a): h = 2:2 m, sh = 5 cm, q = 6� . 11 � 11 correlation window, occlusion cost =
0:075.

3.7.2 Matching parameters

Search space:
As depicted in Figure 3.9(a), a search area is de�ned by taking into account position and

orientation of the vehicle in relation to road surface (h andq). However due to vibration,
acceleration and braking this relative area can be changed. An optimal solution could be
estimation of vehicle position in relation to road via vanishing point detection [Cipolla u. a.,
1999]. Another solution is to de�ne suf�ciently large tolerances onh andq values. We
adopt 5cmfor variation ofh and 6� for q. The algorithm is ef�cient on all stereopairs of our
test data (150 stereopairs). The only consequence of these large tolerances is that vertical
objects such as cars, pedestrians and stanchions appear in the matching process (See Figure
3.14). In the detection step these features are discriminated thanks to their orientation and
will be �ltered. However vertical edges are useful for reconstruction of other urban objects
such as bins, stanchions and road signs [Tao, 2001].
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Size of correlation window:
As discussed in Section 3.6.2, we use a correlation based similarity function. Since a

large amount of perspective effect is absorbed by recti�cation, we use a large correlation
window (for example larger than 11� 11).

Occlusion cost:
As explained in Section 3.6.4, occlusion cost is related to minimum similarity threshold

for matching hypotheses. In order to ensure a suf�cient radiometric similarity between the
left and the right edge points of a matching, we use an occlusion cost that is lower than
0:075. This cost corresponds to a minimal similarity that is higher than 0:85.

3.8 Conclusion

In this Chapter a large number of existing methods for image matching are reviewed. Re-
garding our speci�c requirements a global strategy similar to the one proposed by Bail-
lard und Dissard [2000] is adopted. The high complexity of urban area when observed by
ground-based systems reduce considerably the ef�ciency of this algorithm. The algorithm
is adapted to our speci�c ground-based context by taking into account road surface that is
our object of interest. A pixel accuracy matching is computed by dynamic programming
along epipolar lines by taking into account radiometric similarity and�gural continuity
constraints. A sub-pixel matching accuracy is then achieved by post processing. 3D recon-
structed linked-edges are geometrically precise but they suffer from fragmentation effect.
This is due to edge extraction and edge matching steps. These features constitute the input
of roadmark detection algorithm that will be presented in the following chapter (Chapter 4).

Comparing to winner-take-all strategy, the proposed method is much more constraint.
Indeed, high level of local textures together with eventual partial occlusions can cause false
matches in winner-take-all strategy that is only based on maximum similarity constraint. In
addition, taking into account the�gural continuity improves considerably the smoothness
of resulting 3D linked-edges and reduce also fragmentation effect. These two properties are
particularly interesting because they simplify the 3D pattern recognition step.

The ef�ciency of linked-edge matching algorithm is controlled visually on a large set of
stereopairs and provide promising results. Indeed the 3D linked edges being unstructured
features, quantitative evaluation is a dif�cult task. However after roadmark modelling we
present a quantitative evaluation of the complete chain from accuracy and completeness
points of view. This evaluation will be performed on a set of 150 successive stereopairs
acquired byStereopolissystem (See Chapter 6).
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Roadmark detection

The previous chapter explained how 3D linked-edges are reconstructed from each stereo-
pair. This chapter explains the second step of our roadmark reconstruction strategy. This
step uses the reconstructed 3D linked-edges as input data. Output consists in hypothetical
candidates for each roadmark object. It deals with two class of roadmarks: zebra-crossings
and dashed-lines. Recognition is performed thanks to their speci�c signature in a 2D space
that approximates road surface. Some �ltering tools are presented. These tools are then used
differently in recognition of each roadmark class. Before presenting the mentioned tools,
we de�ne in Section 4.1 a geometric model for strips of zebra-crossing and dashed-line.
Then, Section 4.2 gives an analysis of input data. The next sections explain our detection
strategy.

4.1 Strip model de�nition

As explained in Section 2.3, we aim at reconstructing strips of zebra-crossing and dashed-
lines under the form of a 3D vector model. Fortunately suitable models can be de�ned since
the size and shape of zebra-crossing's and dashed-lines' strip are known in advance (See
Section 2.1). This is the reason why a model-based approach is adopted for detection and
modelling of strips. However before de�ning any strip model, the following points should
be mentioned about the strips speci�cations:

• Strips width is precisely known in both cases of zebra-crossing and dashed-lines.

• Only approximate length of zebra-crossing's strips is known and those of dashed-
lines even if their length is governed by speci�cations, sometimes do not respect the
speci�ed length and vary slightly.

• Zebra-crossing's strips shape is unknown, but that of dashed-lines is constrained to
be rectangular.
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The adopted model for strip consists of a planar parallelogram. The model parameters are
de�ned by Equation (4.1).

Strip's parameters :

8
>>>>>>>>>>><

>>>>>>>>>>>:

w = wd

` = `d � e In the case of dashed-line

q = 90�

w = wz

` 2 [`min ; `max ] In the case of zebra-crossing

q 2 [ qmin ; 90� ]

(4.1)

where :

w : strip's width

wz ; wd : expected strip's width for zebra-crossing and dashed-line

` : strip's length

`d : speci�ed length of dashed-line's strips

`min ; `max : minimal and maximal length of zebra-crossing's strips

q : angle between long side and transversal side of strip

qmin : the minimum value ofq in the case of zebra-crossing's strips

The parallelogram model can be established by the four corners or the four sides. How-
ever the corners can be occluded (See Figure 4.1(a)) or damaged (See Figure 4.1(b)) and so
any corner-based detection and reconstruction will fail in these cases. In contrast, the long
sides of strip provide suf�cient information for strip modelling even if they are partially oc-
cluded or damaged. So our detection step consists in looking for parallel line-segments of
a given distance. In this purpose the 3D reconstructed linked-edge are used as input data to
zebra-crossing's and dashed-line's strip detection. The following section brie�y describes
the strip detection input data and enumerates some dif�culties to overcome.

4.2 Input data analysis

As explained in Chapter 3 the results of the reconstruction step is a set of 3D linked-edge.
The 3D reconstruction is performed without any �atness hypothesis about the road surface
and so represents the real topography of the road.

However the imperfections of the edge detector and the edge matching algorithm turn
the detection step into a dif�cult task. Regarding Figure 4.1, the detection step must handle
the following problems:

1. Fragmentation of 3D linked-edges due to image processing operations such as edge
detection and matching process.

2. Presence of many uninteresting linked-edges (not belonging to strip boundary). This
is due to local textures on bitumen and strip areas or existence of pedestrians and cars
in the scene.
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3. Non-reconstructed transversal sides of strips. This is due to the fact that transversal
sides are often aligned withepipolar lines.

(a)

(b)

Figure 4.1: Obstacles for strip detection from reconstructed 3D linked-edge points. (a) Pres-
ence of pedestrian, local textures and cracks, (b) Presence of an irrelevant object (manhole-
cover), fragmentation of 3D linked-edges (demonstrated by a zoom)

Even if transversal sides of strips are not reconstructed, long sides of strips can be de-
tected taking into account the given width of a strip. The model-based pattern recognition
methods are generally based on hypothesis generation followed by a validation step which
is based on �tness measurement of the hypothesis in relation to the model.
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In our case hypothesis generation consists of selecting a pair of line-segment as candi-
dates of two long sides of a putative strip. They are then analysed to see if they are nearly
parallel and at a given distance from each other.

The fragmentation effect causes the line-segments representing two sides of each strip
to be segmented into many shorter parts. In this scenario many pairs of nearly parallel
line-segments of a given distance can be found. The consequence is a set of redundant hy-
potheses that describe different parts of a strip and do not provide any suitable hypothesis
describing a whole strip. Moreover the large number of irrelevant line-segments can am-
plify this problem.

The mentioned problems within the input of strip detection method are tackled by per-
forming the following tasks in sequence:

1. Polygonisation of linked-edges
During this operation, initial line-segments are estimated from linked-edges.

2. Filtering of initial line-segments
In order to reduce the number of uninteresting line-segments, initial line-segments
must be �ltered. The �ltering step should recognise interesting line-segments (those
belonging to strips sides) despite their fragmentation.

3. Grouping of pertinent line-segments
In order to provide higher level line-segments which are less fragmented in relation to
a parallelogram model, line-segments passing through the �ltering step are analysed
by a grouping process.

The detection step can be summarised as a set of operations performed in order to provide
higher level primitives that simplify the model-based strip recognition. Section 4.4 on the
next page explains the adopted strategy and data structure for handling the three tasks of
polygonising, grouping and �ltering.

4.3 Strip detection strategy

As explained in the previous section, model-based recognition method is not ef�cient us-
ing initial data because of the large number of irrelevant linked-edges and fragmentation
effect. In order to overcome fragmentation effect and noises due to irrelevant objects, we
take bene�t from a 1D signature of linked-edges on a 2D plane that approximates the road
surface. Figure 4.2 shows the signature of a scene containing a zebra-crossing and noises
due to obstacles and local textures. Signature is computed by accumulation of linked-edges
in road direction. As can be seen on this �gure, even in the presence of noises and frag-
mentation effect, the resulting signature (in green) is constituted of successive peaks at a
speci�c distances. The distance between the peaks is strip's width and accumulation value
is a function of strip's length.

In order to compute this signature all 3D linked edges resulted from matching stages
are projected on plane that approximates the road surface. The signature is then computed
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and guides the detection step to recognise the interesting linked-edges from irrelevant ones
and this in presence of fragmentation effect. Line-segments are then �tted to interesting
linked edges and provide higher level primitives to be processed by a model-based detec-
tion method.

The reduction of the problem to a 2D space reduces considerably the complexity of
pattern recognition and geometric operations such as polygonisation and grouping. How-
ever, road surface is not �at. As explained in Sections 2.3 and 2.7 in our application this
approximation is not negligible for roadmark modelling.

We use this approximation just for strip detection stage. We aim at modelling strips
without �at road hypothesis. This is why for each linked-edge we register both set of co-
ordinates (3D and 2D). In this manner, the 2D coordinate set is used to segment linked-
edges into line-segments, to recognise interesting line-segments and to decide which line-
segments to group. When these decisions are made, the �nal modelling is performed using
the 3D coordinate set.

Section 4.4 presents the adopted data structure that allows to register 2D and 3D in-
formation correctly during segmentation, recognition and grouping operations. Section 4.5
discuss about road plane estimation. Section 4.6 explains some �ltering tools to recog-
nise interesting line-segments. Then Section 4.7 explains how the introduced �ltering tools
together with grouping algorithm are applied to propose potential candidates of zebra-
crossings and dashed-lines. In order to simplify reading of this manuscript, the grouping
algorithm is explained later in Section 5.3.

4.4 Data structure

As mentioned in the previous Section, in our algorithm decisions such as �ltering, segment-
ing and grouping of linked-edges are made regarding 2D approximated coordinates. The
�nal modelling is then performed regarding 3D coordinates. It means that for each point
j belonging to a linked-edgeei , its real 3D coordinates (X3D

i j :(x;y;z)3D
i j ) and also its 2D

coordinates (X2D
i j : (x;y)2D

i j ) on approximate road plane are known.
The adopted strategy leads to the data structure of Figure 4.4. Let's call the 3D linked-

edges resulted from edge matching algorithm (See Chapter 3) the Elementary Linked-Edges
(ELE). SoELE is a list of 3D linked-edges (ei). Eachei is a list of linked points. For each
point j belonging to linked-edgeei , X3D

i j andX2D
i j are registered.

Let's see how this data structure deals with polygonisation and grouping processes of
line-segments.

4.4.1 Dealing with polygonisation of linked-edges

In order to estimate line-segments from linked-edges a polygonisation is performed on each
ei of ELE (See Figure 4.3(a)). The polygonisation is performed on eachei regarding its
2D coordinates (X2D

i j ). This polygonisation is performed using the algorithm proposed
by Douglas und Peucker [1973]. The maximum authorised error is set to 2cm. An ele-
mentary linked-edge (ei) is segmented to different parts expressing linear segments. For
example as seen in the Figure 4.3(b) the linked-edgeei of Figure 4.3(a) which is consti-
tuted of pointsf P0; : : : ;Pj ; : : : ;Pmg is segmented into two linked-edgesep and eq which



98 Roadmark detection

Figure 4.2: 1D Signature on zebra-crossing strips: parallel long sides cause repetitive peaks
at speci�c distances if line-segments' lengths are accumulated in road direction.

express linear segments. Theep is constituted of pointsf P0; : : : ;Pj � 1g andeq comprised of
pointsf Pi ; : : : ;Pmg. Let us call the set of such segmented linked-edges theSLE(Segmented
Linked-Edges).

Figure 4.4 demonstrates how the data structure registers properly all points participating
in ep andeq. For eachep in SLEa 2D line-segment (S2D

p ) and a 3D line-segment (S3D
p ) can

be estimated by linear regression usingX2D
p (set of all 2D points inep) andX3D

p respectively
(set of all 3D points inep).

4.4.2 Dealing with grouping of line-segments

As explained in Section 5.3SLEs can be processed by a grouping algorithm. The group-
ing algorithm analyses a set of 2D line-segments and proposes subsets of line-segment for
grouping. Let's take the example of Figure 4.3(b) and suppose that twoSLEs such aseq and
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(a) ELE set

(b) SLEset

(c) GLE set

Figure 4.3: Structuring 3D linked-edges.

er are proposed to be grouped by the grouping algorithm. In this case a new linked-edge
eu is generated and registered in an array calledGLE (Grouped Linked-Edges).eu contains
the coordinates of all the points belonging toeq ander . S3D

u andS2D
u are then estimated by a

linear regression usingX3D
ua ndX2D

u( See Figure 4.3(c) and Figure 4.4).

4.4.3 Dealing with �ltering of line-segments

As explained in Section 4.6 the �ltering step is based on the recognition of zebra-crossing's
and dashed-line's signature in 2D road approximate plane. So given a set of linked-edges
eq 2 SLE decisions such as grouping and �ltering are taken regarding corresponding 2D
line-segmentS2D

q in 2D space. The advantage of this data structure is that at each mo-
ment for each linked-edge such aseq all the contributing points are known in 3D and 2D
systems. So the corresponding 2D line-segmentS2D

q and 3D line-segmentS3D
q can be esti-

mated. Moreover thanks to this data structure given aS3D
P or S2D

P all the belonging points
are known. EachS3D

p correspond to exactly oneS2D
p and vice versa.
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Figure 4.4: Data structure:ei : a linked-edge,X3D
i , X2D

i : vectors containing coordinates (re-
spectively 3D and 2D) of all points inei , ELE: Elementary Linked-Edges, SLE: Segmented
Linked-Edges, GLE: Grouped Linked-Edges.
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4.5 Road plane estimation?

As explained in Section 4.3, the detection step is performed on the 2D space of the plane
that approximates the road surface. An appropriate approximation simpli�es the detection
step in two ways:

1. It allows to �lter out non road features such as cars, pedestrians and vertical features.

2. It minimises geometric deformations during the 2D projection.

As mentioned in Section 2.5.2 many authors investigated road plane estimation from stereo
images. Two main approaches exist:

1. Approaches using dense stereo correspondence [Bertozzi u. a., 1998a; Okutomi u. a.,
2002; Sappa u. a., 2007]

2. Approaches using feature stereo correspondence [Labayrade u. a., 2002; Simond und
Rives, 2004a]

As discussed in Chapter 3, dense stereo correspondence is computationally very expensive
and dif�cult. Feature based approaches fails when there are not a suf�cient amount of fea-
tures on the road surface. This is always due to low number of roadmarks, large amount of
obstacles and occlusions. This is the case in our edge stereo correspondence.

Since a false estimation of the road plane can wrongly �lter out linked-edges and cause
failure of roadmarks detection we use approximate position of the vision system relatively
to the road surface to de�ne a road plane. Thus the planeP0 is considered as the road plane
(See Figure 3.9(a)). We suppose that the parameters of this plane in relation to the vision
system (h andq) are constant in all exposure points. In reality these parameters change due
to braking, acceleration and vibrations. This is an signi�cant approximation and disables us
to �lter out non road features. Fortunately the introduced geometric deformation due to 2D
projection remains negligible.

4.6 Line-segment �ltering tools: accumulation with respect to
principal directions

As mentioned before in Section 4.4 in our algorithm zebra-crossings and dashed-lines are
recognised thanks to their 1D signature that is computed on a plane that approximates the
road surface. So from now on, we suppose that the Elementary Linked-Edges (ELE) are
segmented into linear portions that constitute Segmented linked-Edges (SLE) and for each
elementei of SLEthe corresponding 2D line-segment (S2D

i ) is computed (See Section 4.4.1).
Only the so called 2D line-segment are used in detection of zebra-crossings and dashed-
lines. So theS2D

i is considered when line-segment is mentioned.

Zebra-crossings and dashed-lines are always aligned with the road main direction. The
majority of reconstructed line-segments belong to road structures like roadmarks or road
borders. So the road main direction can be estimated as the most occurring direction of
line-segment set on the road plane. Sections 4.6.1 – 4.6.6 present some processing tools
which are used for recognition of zebra-crossing and dashed-lines.



102 Roadmark detection

4.6.1 X accumulation space

The road direction being estimated, a 2D coordinate system is de�ned on the road plane
where theY axis is set to the road direction. TheX axis is de�ned by the orthogonal axis
to Y axis (See Figure 4.5). TheX axis is then discretised with cells of sizeDX. DX is cho-
sen to be proportional to the 3D reconstruction precision and irregularity of zebra-crossing
or dashed-line strips borders in the real world. In our case it is set to 1cmfor all the data
set. Each cell is then voted by length of all the line-segments' portion that are orthogonally
projected in this cell. So the line-segments that are perfectly in principal direction vote by
their total length for only one cell and the other line-segments divide their voting power
between all the cells in which they are projected. Let us call the sum of all received votes
by a cell, the cell's accumulation score. For each cell the accumulation score and the index
of all line-segments voting for the cell are registered.

Let us consider the so called discretizedX axis as an accumulation space and call itX
accumulation space. The next Section explains the interest ofX accumulation spacefor
the recognition of fragmented parallelogram patterns.

4.6.2 Signature of zebra-crossing and dashed-line inX accumulation space

Figure 4.5 shows the accumulation of line-segments in the road direction in a scene con-
taining a zebra-crossing and a dashed-line. TheX accumulation spaceis represented in
green colour. One can see thatX accumulation spacepresents repetitive peaks at a �xed
distancewz that is a sign of zebra-crossing. Twin peaks of at distance ofwd can correspond
to presence of a dashed-line. Each peak correspond to the presence of aligned line-segments
and its value represents the sum of line-segment's length that are projected in this cell.

Figure 4.5: Signature of zebra-crossing and dashed-line inX accumulation space.
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4.6.3 Filtering using X accumulation space

Let us take the example of a parallelogram strip. Let us set` as its length andw as its width.
The two long sides of the strip vote by their length` in two different cells with a distance
of w in X accumulation space. So they leave a systematic signature in accumulation space.
In contrast to parallelogram patterns, other line-segments that are due to local textures and
presence of cars or pedestrians cause random accumulations.

So the detection of strips of a given size consists of separating systematic signatures
from the random ones inX accumulation space. In this purpose, our global idea is to take
bene�t from known length (̀) and width (w) of strips to �lter out line-segment set in the
two following stages :

1. The �rst stage is based on the expected length of strips (`) and threshold the cells with
accumulation score smaller than expected length.

2. The second stage is based on width of strip (w). Within the remaining cells it �lters
out all cells not having any non �ltered cell at distance ofw.

Figure 4.6 shows resulting line-segments after �ltering using the speci�ed the parameters
(w;`) of zebra-crossing and dashed-line. This �ltering method is based on accumulation

(a) results after �ltering with zebra-crossing's parameters(wz; `z).

(b) results after �ltering with dashed-line's parameters(wd; `d).

Figure 4.6: Recognition of zebra-crossing and dashed-line with theX accumulation space
�ltering.

score of cells. Accumulation score received by a cell is very sensitive to discretization step.
In other words, larger cell size causes higher accumulation score. Inappropriate discretiza-
tion step reduces the ef�ciency of such �ltering process. Section 4.6.4 explains this problem
and gives a simple solution to reduce the sensibility of �ltering process to discretization step.
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4.6.4 Coping with sensibility ofX accumulation spaceto discretization step

Given a strip's length the accumulation value corresponding to each cell ofX accumulation
spacecan be analysed to see if it represents a strip's long side. In fact if all the fragmented
parts of a long side are projected in the same cell in theX accumulation space, the corre-
sponding accumulation score approximates the length of a strip's long side. For example an
accumulation score of 2m can be a key to �nd an approximately 2m long side of a strip in
the principal direction at the position of the so called cell. However the accumulation score
of each cell is very sensitive to the discretization step.

As seen in the example of Figure 4.7(a) line-segments resulting from the polygonisation
of 3D reconstructed linked-edges are somehow fragmented and irregular. The irregularity
can be due to real irregularity of strip borders in the real world or limited precision of
3D reconstruction. In order to �nd a signi�cant signature of zebra-crossing's and dashed-
lines' strips, the discretization step of theX accumulation spacemust be selected near the
mentioned irregularity value.

Figure 4.7(a) demonstrates such aX accumulation spacewith the DX discretization
step. It leads to an accumulation score ofL in a cell. This cell can correspond to a strip
side of lengthL. Now suppose the same line-segment set but aX accumulation spacethat
is discretized withDX

2 step conform to the Figure 4.7(b). As a result, line-segments vote in
two neighbouring cells and so divide their voting power. It causes an accumulation score of
aboutL

2 in each cell. So these cells can no more correspond to a strip side of lengthL. This
example demonstrates the sensibility of the �rst step of �ltering (See Section 4.6.3) to the
selection of the discretization step.

Even if the discretization step can be selected by taking into account precision of 3D
reconstruction, the irregularity of strip's sides is not constant and so is not possible to take
it into account. In order to reduce this effect, instead of analysing each cell independently,
we aim at constituting groups of connected cells and analysing the sum of accumulation
scores: a hysteresis thresholding is performed on the accumulation scores with high and
low thresholds. Both of thresholds are selected proportional to length of strip of interest
(`). So groups of connected cells are generated by low threshold (Trl = 20%`) and high
threshold (Trh = 50%`). Each connex component constitutes a group. Then each group is
accepted, if the sum of accumulation scores reaches approximately the expected strip length
(`).

4.6.5 Combined signatures andY accumulation space

Let's consider the global idea of �ltering which is mentioned in Section 4.6.3. This strategy
simpli�es the detection step by reducing a 2D problem to a 1D one. In other words the
mentioned strategy supposes that two groups of fragmented line-segments correspond to
two sides of a strip (w � `) if and only if their projections cause two peaks of distancew
with accumulation score of̀. However in the general case, such two peaks can be caused
by two groups of line-segments that are separated inY direction (road direction). So such
groups are not geometrically neighbours and consequently can not correspond to a strip.
As shown in Figure 4.7(c) this effect is still more perturbing in scenarios in which two
zebra-crossings which are separated in road direction are present in the scene.
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(a) (b) (c)

Figure 4.7: Problems ofX accumulation space.

In order to cope with this problem, theY axis of the 2D space de�ned in Section 4.6.1
is also discretized to cells of sizeDY which is proportional to strip's length (n% of `) and
constitutes what we call theY accumulation space. Each cell is voted by the number of
line-segments that are projected in this cell. TheY accumulation spaceis then decomposed
to connex non-zero components. Each component can be analysed independently. For
example in Figure 4.7(c) two componentsA andB are separated. Each group is then re-
entered in theX accumulation space�ltering process. Decomposition ofY accumulation
spaceis also inevitable in the case of dashed-lines for separating individual strips. Figure
4.8 shows how this accumulation space is used for the separation of strips. However noises
and local texture can lead to irrelevant line-segments that accumulate wrongly in the cells of
theY accumulation space. This is the case for three strips in the Figure 4.8. The following
Section presents a tool to cope with this problem.

Figure 4.8: Separation of strips thanks toY accumulation space.
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4.6.6 Radiometric based accumulation ofY accumulation space

In order to decompose a dashed-line into its strips in noisy scenarios, a radiometric accu-
mulation is performed instead of line-segments number. For this purpose line-segments
are projected in image space, a radiometric pro�le is extracted and back-projected in ac-
cumulation space. The advantage is that even if local textures are present on the surface
of bitumen and strips, the mean radiometric value on strips is higher than on bitumen. In
order to decompose a dashed-line to its strips using radiometric base accumulation, the
mean value of radiometric pro�le is used to threshold the pro�le (See Figure 4.9). This
thresholding method is ef�cient only if the image region in which the radiometric pro�le
is extracted contains exclusively bitumen and strips and so the corresponding accumulation
is monomodal. The presence of other objects can cause multimodal accumulations and so
non-ef�ciency of thresholding. In order to limit the region of radiometric accumulation,

Figure 4.9: Decomposition of dashed-line into strips using radimetric accumulation inY
direction.

this method is applied after decomposing a potential dashed-line into smaller parts by an
accumulation that is based on number of line-segments as explained in Section 4.6.5.

4.7 Distinguishing zebra-crossing and dashed-line signatures

This section explains how the introduced �ltering tools presented in Section 4.6 and the
grouping algorithm developed in Section 5.3 are used to provide potential candidates of
zebra-crossing and dashed-line strips. Due to difference of size and geometric con�gura-
tion of strips in zebra-crossing and dashed-line, the detection step is slightly different. This
difference is just in parameters and in the order in which processing tools are applied. Fig-
ure 4.10 recall the required pre-processing on the 3D linked-edges resulting from matching
step (ELEs) before injection in zebra-crossing and dashed-line detection algorithms.

Sections 4.7.1 and 4.7.2 explain respectively algorithms of zebra-crossing and dashed-
line detection. For each algorithm, intermediate results are demonstrated on an example.
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ELEs

Filter out theELEs which are vertical to planeP0

for all ei 2 ELE compute its projection ((x;y)2D
i ) on planeP0

2D polygonisation

SLEs Figure 4.12(b)

Figure 4.12(a)
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Zebra-crossing detection Dashed-line detection
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Section 4.7.1 Section 4.7.2

Edge matching Chapter 3

?

Figures 4.13(b)

[Douglas und Peucker, 1973]

Figure 4.13(c)

Figure 4.10: Pre-processing performed after matching step and before zebra-crossing and
dashed-line detection.

4.7.1 The zebra-crossing detection algorithm

The diagram of Figure 4.11 shows the sequence of operations to perform for zebra-crossing
detection. Intermediate results corresponding to each operation are presented in Figure 4.12
for illustration purposes.

Figure 4.12(b) shows the projected 3D line-segments on the 2D space and the corre-
sponding accumulations inX andY axes. Line-segments are then �ltered using the method
proposed in Section 4.6.3.

As it can be seen in Figure 4.12(c) a large number of irrelevant line-segments are re-
moved by �rst step of X accumulation space�ltering. However the signature of both
zebra-crossings are still combined. This can disturb �ltering of many uninteresting line-
segments.
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Figure 4.11: The algorithm of zebra-crossing candidates generation from Segmented
Linked-Edges (SLEs)

In order to cope with this problem line-segments are decomposed into subsets that are
separated inY axis. This is performed by analysingY accumulation spaceas explained in
Section 4.6.5. Figures 4.12(d) and 4.12(f) depict the separated zebra-crossings.

Each separated subsets is re-analysed byX accumulation space�ltering (See Figures
4.12(g) and 4.12(e)). Thanks to this step more irrelevant line-segments are �ltered out.
Even if there are still some irrelevant line-segments within these candidates, as explained
in Chapter 5, they can be �ltered in the modelling step by taking into account the gradient
directions criteria, and looking for supporting transversal (short) sides. The higher level
primitives provided during the detection step simpli�es the modelling step considerably.
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(a)

(b) (c)

(d) (e) (f) (g)

Figure 4.12: Intermediate results of zebra-crossing candidates generation.
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4.7.2 The dashed-lines detection algorithm

The diagram of Figure 4.14 expresses the operations to be performed in order to provide
potential candidates of dashed-line strips. The input is the same as for zebra-crossing detec-
tion (a set of Segmented Linked-edges). The Figure 4.13 shows the stereo-pair on which we
present the intermediate results. It contains two kinds of dashed-lines (T

0
2 that corresponds

to parking lots andT1 that corresponds to road center-line). For each kind of dashed-line,
the operations of the diagram are performed independently.

(a)

(b)

(c)

Figure 4.13: a) A stereo-pair containing dashed-lines, b) 3D reconstructed linked-edges, c)
projection of 3D segmented linked-edges on the 2D space.
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Figures 4.15 and 4.16 depict the intermediate results of each operation for dashed-lines
of type respectivelyT

0
2 andT1.

X accumulation space�ltering
First a X accumulation space�ltering is performed by taking into account the parameters

corresponding to the dashed-line of interest (w and`). In order to �nd a dashed-line even if
it is constituted of only one strip, the length of only one strip is chosen as the thresholding
parameter of theX accumulation space�ltering (See Section 4.6.4).

Figure 4.15(b) shows the resulting line-segments forT
0
2 type �ltering. The center-line

of the road (dashed-line of typeT1) is correctly �ltered. What remains is a dashed-line of
type T

0
2 composed of 8 strips. Many uninteresting line-segments are present around the so

called strips that are due to local textures. There are also some line-segments correspond-
ing to the right border of the road that pass the �lter. Presence of noises causes that the
border line-segments pass trough the �ltering step even if its width is larger than width of
T

0
2 strips.

Figure 4.16(b) shows the same scene �ltered by parameters ofT1 type strips. As it can
be seen the presence of noises causes that strips ofT

0
2 type and the right side border of

road pass the �lter.
These mentioned �ltering problems, are tackled in the two following phases of dashed-

line separation and strip separation.

Dashed-line separation
The second step consists in separating remaining components of theX accumulation

space. In the example of Figures 4.15(b) and 4.16(b) line-segments corresponding to road
border, road center-lines (T3) and dashed-line delimiting the parking lots (T

0
2) can be sep-

arated thanks to their important distance inX accumulation space. Figures 4.15(c) and
4.15(d) show the separated component of �ltering results withT

0
2 parameters and Figures

4.16(c),4.16(d) and 4.16(e) present those of �ltering withT3 parameters. The interest of
separating components ofX accumulation spaceis that after separation each component
can be analysed byY accumulation spacefor separating strips.

Strip separation
In each separated component the signature of line-segments inX accumulation spaceis

the combination of all strips' signature. In this case the non alignment of strips and also
noise disturb the signature of collection by accumulation of errors. In order to avoid accu-
mulation of errors, we aim at separating the strips within a dashed-line candidate.

Analysing each strip independently simplify considerably dealing with noises and recog-
nition problem. Indeed after separation, each component can be re-analysed byX accumu-
lation space�ltering. Separation avoid noise accumulation and so �ltering is more ef�cient.

In order to separate the strips within a dashed-line candidate, the correspondingY ac-
cumulation spaceis analysed as explained in Section 4.6.5. First the accumulation based
on the number of line-segments is used to decompose the dashed-line into smaller parts.
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Then on each separated part radiometric based accumulation is computed and used for �nal
separation.

Figures 4.17, 4.18 and 4.19 shows the use ofY accumulation spacefor separation
in the case ofT

0
2, T1 and road border. In each of the mentioned �gures, the left column

presents the dashed-line candidate and correspondingY accumulation using the number of
line-segments. The middle column shows the results of separation and alsoY accumulation
corresponding to each separated part using radiometric accumulation. The right column
presents the �nal separated strips.

Figure 4.17(d) shows the interest of radiometric accumulation when using the number
of line-segments is not suf�cient for the separation.

The results of separation are good enough for dashed-lines (T
0
2 andT3). However as it

can be seen in Figure 4.19 the radiometric accumulation cause a random separation. This is
due to the choice of mean radiometric value for thresholding. In the case of homogeneous
areas like continuous lines the resulting separation is quite random. We recall that the pro-
vided strips are just candidates and are re-analysed in modelling step. Such candidates are
analysed by their size, gradient directions, and some other parameters and can be rejected
in the following steps.

4.8 Conclusion

This chapter presents our strategy for �ltering 3D linked-edges resulting from matching
step. Filtering is performed regarding 2D signature of each strip type on the 2D space
that approximates the road surface. For this purpose the speci�ed shape and size of strips
are used. The detection step provides sets of line-segments as hypothetical candidates of
roadmark objects.
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Figure 4.14: dashed-line strip detection algorithm
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(a)

(b)

(c)

(d)

Figure 4.15: Filtering regardingT
0
2 type strip parameters.
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(a)

(b)

(c)

(d)

(e)

Figure 4.16: Filtering regardingT1 type strip parameters.
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(a)

(b)

(c)

(d)

Figure 4.17: Decomposition to strips of aT
0
2 dashed-line.
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(a)

(b)

Figure 4.18: Decomposition to strips of aT3 dashed-line.
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(a)

Figure 4.19: decomposition of continuous line.



Chapter 5

Roadmark modelling

The previous chapter discussed recognition of zebra-crossing's and dashed-lines' strips. Re-
sult of the detection step is a set of hypothetical strip candidates that are represented by 3D
line-segments. In order to generate the roadmark models these line-segments require to be
validated and re�ned with respect to a given model. Both operations will be performed
within what we call the modelling step.

In this chapter, we deal with both cases of zebra-crossing's and dashed-line's strips in
a same way. According to the speci�cations presented in Section 2.1 a quasi-parallelogram
pattern is adopted for representing a strip. The goal of the modelling is to provide an inde-
pendent quasi-parallelogram model for each strip.

The modelling step, consists in two steps. The �rst one, as explained in Section 5.1,
tends to recognise a pair of 3D line-segments representing two strip's long sides within
the input line-segments. In order to provide a line-segment for each side of the strip, the
algorithm must cope with fragmentation effect. For this purpose, we present a line-segment
grouping algorithm which is explained in Section 5.3. An initial model is de�ned using the
two long sides.

The second step as explained in Section 5.2, consists in �nding the corresponding
transversal sides (short sides) for each initially modelled strip to form a quasi-parallelogram
pattern.

5.1 Strip long sides modelling

Even if line-segments are �ltered in the detection step, some irrelevant line-segments still
persist. Moreover line-segments suffer from fragmentation effect. However, line-segments
corresponding to each strip are partitioned into a set (one line-segment set per strip candi-
date). This partitioning simpli�es considerably the modelling step.

As mentioned in Section 2.1 some parameters of strip's shape are known in the case
of zebra-crossings and dashed-lines. Equation 4.1 summarises the parameters of the strip
shape. According to this model and in order to recognise a strip within a set of line-
segments, we look for a pair of parallel line-segments that represent left and right sides
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of a strip. The distance between the so called line-segments is known. Moreover they must
be of inverse gradient directions.

Equation 5.1 de�nes our distance measure between a pair of quasi-parallel line-segments.
We suppose that two line-segments are parallel if their orientation difference does not ex-
ceed a small tolerance. The tolerance is �xed proportional to the reconstruction precision
and also to the eventual geometric anomalies in roadmark set up.

Dist(si ;sk) =

(
H (M i ;sk)+ H (M k;si )

2 if si k sk

¥ otherwise
(5.1)

where:

si ;sk : two 3D line-segments

M i ;M k : centers ofsi ;sk

H (M i ;sk) : distance of pointM i from line-segmentsk

The gradient of each line-segment is measured by its projection in one of the left or
right images (See Equation 5.2).

!
O(si) = å

p j 2 s̃i

(Gx(p j );Gy(p j )) (5.2)

s̃i = f (si)

where :
!
O(si) : gradient vector corresponding to line-segmentsi

s̃i : projection of line-segmentsi in one of left or right images

f : the image projection function

p j : points on ˜si

Gx;Gy : the image gradient function inx andy directions

Our long side modelling method is outlined in algorithm 1. The algorithm is the same
for zebra-crossing and dashed-lines with a small difference.

The input of algorithm for dashed-line strip modelling is a set of line-segments that
are candidates for only one strip. In other words strips candidates are already separated in
detection step (See Figures 4.17 and 4.18). The line-segments corresponding to each hypo-
thetical strip are entered separately in this algorithm.

In contrast, candidates of zebra-crossing's strips are not still separated (See Figures
4.12(e) and 4.12(g)). However, due to different con�guration of zebra-crossing strips from
dashed-lines ones, the algorithm can separate them. So the output is a set of separated strips.

In order to simplify the search for conjugated strip's long-sides, the input line-segments
are sorted. As all the line-segments are aligned with the road direction, the sorting is per-
formed in the direction orthogonal to the road in relation to each line-segment midpoint.
The order is then set in way to represent line-segments from left to right in respect to image
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space. This sorting is possible because the reconstructed line-segments are in a nearly ver-
tical direction in image space. Let us recall that horizontal line-segments (in image space)
are not reconstructed because of the fact that they are parallel toepipolardirection. Figure
5.1 demonstrates the sorted line-segments that correspond to a zebra-crossing.

(a) (b)

Figure 5.1: (a) The line-segments resulting from detection step, (b) the same line-segments
sorted in image space.

The gradient vector of line-segments is then used to identify if they belong to the left
or to the right strip side. We suppose four main directions that are illustrated in Figure 5.2.
The gradient direction of segments belonging to the left and right strip side is respectively
in Z1 [ Z4 andZ2 [ Z3. Let us recall that gradient vectors of line-segments are measured in
recti�ed images and so the effect of perspective deformation is negligible.

Figure 5.2: Gradient direction zones

The algorithm browses the sorted line-segments from beginning to �nd a left side can-
didate. The left side is characterised with its gradient direction(Z1 [ Z4). After founding
�rst candidate for left side, other line-segments that are situated in a distance shorter than
strip's width are tested by order. They can be grouped to left or/and right sides' candidates
in respect to their gradient direction and also their distance with already found left side's
candidate. The grouping is performed using the method presented in Section 5.3.

At the end an hypothetical strip candidate is generated(Stripnew). Then the algorithm
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continues to search within remaining line-segments for other strips. Each new strip is reg-
istered in a vector of strips(StripSet). Presence of noises and local textures on the road
surface can cause some false strips. These false strips overlaps often true strips. However
true strips represent often higher contrast on the strip's borders. In order to cope with this
problem, before adding a hypothetical strip to the vector of �nal strips it is tested to see if it
overlaps with the last found strip. In the case of overlapping, only the strip with maximum
of gradient is accepted. Indeed overlapping is tested only with the last strip, this is logic
because line-segments are ordered. Figure 5.3 depicts the obtained results on the input of
Figure 5.1.

(a) Initial 3D model (b) Projection of the initial 3D model in
image and search space for short sides
of strips.

Figure 5.3: Three strips are generated by associating left sides (in green) to right sides (in
red).

5.2 Strip transversal sides modelling

The long side modelling step constitutes a �rst 3D strip model. However when long sides
are damaged, partially occluded or covered with other urban furniture like manhole-covers,
they are not suf�cient for �ne strip modelling. Figures 5.4(a) and 5.4(c) demonstrates in-
suf�ciency of long sides in strip modelling. In order to re�ne the reconstruction we aim at
detecting the transversal sides and computing the vertices of each strip by intersecting long
sides with transversal sides.

Our strategy for retrieving the transversal sides consists in de�ning search spaces at bot-
tom and top of each initial 3D strip. The search areas are then projected in image space then
candidates are retrieved using the edge map within the search areas.

In the case of dashed-lines, knowing the exact or at least the approximate length of
strips (Lexp), a search area can be de�ned around initial model vertexes. It consists of a
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Input :
S: Set of lines-segments issued from detection step
W : Strip's width
Output : StripSet: A set of 3D strips
Sort allsi 2 Sfrom left to right with respect to image space.
for i = 0 to Ns do

LS,RS// Left and right strip's sides

//
!
O(si) : Gradient of segment si

// Dist(si ;sk) : Distance between si and sk

// e : Tolerance of strip width error

if
!
O(si) =2 f Z1 [ Z4g then

continue
end
k = i
while k < Ns ^ (Dist(si ;sk) < W + e) do

if Dist(si ;sk) < e ^
!
O(sk) 2 f Z1 [ Z4g then

LS
grouping
 � sk

end

else if jDist(si ;sk) � Wj < e ^
!
O(sk) 2 f Z2 [ Z3g then

RS
grouping
 � Sk

end
k++

end
if 9 LS ^ 9 RSthen

Stripnew(LS;RS)
end
// Creation of a hypothetical strip's candidate
if 9 SripSetLast ^ (Stripnew overlaps StripSetLast) then

Stripold = StripSetLast

StripSetLast = argmax
m2f old;newg

(k
!
O(StripLS

m ) k + k
!
O(StripRS

m ) k)

end
else

StripSet  Stripnew

end
end

Algorithm 1 : Zebra-crossing and dashed-line strip long side modelling algorithm.
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(a) (b) (c) (d)

Figure 5.4: The problem of strip modelling only with long sides and �ne reconstruction.

rectangular space between two line-segments that are vertical to long sides and shifted to
Lexp=4 on each sides. In Figure 5.4(c) image projection of this area is demonstrated as two
line-segments at each extremity of dashed-line strips.

Contrary to dashed-lines the length of zebra-crossing strips is unknown. So it cannot be
used to de�ne the search area. In order to de�ne the search space, a global transversal side is
calculated for all found strips by taking into account just the longest sides (up to 80% of the
maximum length). It is then translated to a suf�ciently large distance (40cm) at each side to
de�ne the search area in 3D space. In Figure 5.4(a) image projection of global search area
is depicted as light line-segments. The search space for each strip will be the area limited
between its two long-sides and this global search area.

A Hough transformation is performed on the edges within the search area to detect the
line-segments. In the case of zebra-crossing strip only transversal line-segment candidates
with an orientation near the global approximate transversal side are retrieved. In the case of
dashed-line strip, candidates are searched only in a direction near vertical to its long sides.
The set of local maximum with Hough score higher than 80% of the highest maximum
is accepted as transversal sides candidates. A gradient vector is computed then for each
putative upward and downward transversal side (

!
Oupward;downward). Figures 5.2 depict the

candidates and their gradient vector for a zebra-crossing and a dashed-line strip. As seen in
the Figures 5.5(a) and 5.5(b), some uninteresting line-segments have been found by Hough
transformation on the zebra-crossing strip damaged by manhole-cover. In order to �nd the
good pair of candidates we aim at �nding the pair of candidates that are of inverse gradient
direction and also maximise the gradient norm. The optimal pair of transversal sides is
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(a) (b)

(c) (d)

Figure 5.5: Transversal strip sides candidates for a zebra-crossing (top) and a dashed-line
(bottom).

found by Equation 5.3.

(i; j) = argmin
b2B;u2U

(
!
Ob:

!
Ou) (5.3)

b;u : Candidates for the downward and upward transversal strips,

B;U : Set of estimated line-segment with Hough transformation

for the downward and the upward of a strip.

The �nal strip vertexes are then computed by intersecting long sides and transversal sides.
They are then projected on the 3D plane of initially estimated strip and constitute the �nal
3D strip model (See Figure 5.7). The image projection of resulted strips are demonstrated
in Figures 5.4(b) and 5.4(d). Figure 5.6 depicts the 3D �nal models of zebra-crossing and
dashed-lines.

(a) (b)

Figure 5.6: Final 3D reconstructed models for zebra-crossing and dashed-lines.
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Figure 5.7: Strategy of strip's short sides modelling.

5.3 Line-segment grouping

Line-segment grouping is a crucial task in image-based object detection and reconstruction
algorithms. Line segments are extracted by edge point detection in image space followed
by a polygonisation step that approximates linked-edge with line-segments. Edge detection
imperfection together with polygonisation approximation cause line fragmentation errors.
The goal of grouping can be considered as extracting signi�cant line segments by grouping
appropriate fragmented ones.

In our speci�c application the polygonisation is performed on 3D linked-edge resulting
from edge detection in a pair of stereoscopic images followed by an edge point matching. In
other words the 3D linked-edge are segmented into 3D line-segments. In this case, grouping
is a 3D problem.

3D line-segment grouping is a complex problem. However supposing that 3D segments
are locally planar, the grouping task can transformed into a 2D problem. This is the case in
our speci�c application because as explained in Chapter 4, we deal with road features that
lie on road's approximate plane. In other words, regarding data structure of Figure 4.4, we
deduce the grouping of 3D line-segments (S3D

q andS3D
r ) from grouping of corresponding

2D line-segment (S2D
q andS2D

r ).

We look for a 2D line-segment grouping algorithm that given a set of 2D line-segments
nominates subsets as candidates of grouping. The grouping must take into account geomet-



5.3 Line-segment grouping 127

ric properties of line-segments such as alignment and proximity.

Suppose that grouping algorithm propose to groupn line-segments. Let us see how the
data structure presented in Section 4.4 deals with grouping and how the grouped line is es-
timated. When two segmentsS2D

q andS2D
r corresponding toeq ander elements are grouped

a new elementeu is generated that contains the points belonging to both elementseq and
er . We denoteG(eq;er ) the function that gather the points ofeq ander and compute corre-
sponding 3D and 2D line-segments by regression methods (See the Equation 5.4).

eu = G(eq;er ) �

8
>>>><

>>>>:

X3D
u = X3D

q [ X3D
r

X2D
u = X2D

q [ X2D
r

S2D
u = R2D(X2D

u )

S3D
u = R3D(X3D

u )

(5.4)

where:

eu is the element resulting by grouping.

R2D;R3D are 2D and 3D regression functions.

This function has the following properties:

1. Associativity:G(eq;er ;et) = G(eq;G(er ;et)) = G(G(eq;er );et)

2. Identity:G(eq) = eq

3. Commutativity:G(eq;er ) = G(er ;eq)

Given a set of locally planar linked-edges the grouping of elements is deduced from
grouping of corresponding 2D line-segments. So from now on, we focus on the 2D line-
segment grouping problem.

Section 5.3.1 presents the adopted model for 2D and 3D line. Section 5.3.2 explains our
global line-segment grouping strategy. Sections 5.3.3–5.3.5 explain implementation of this
approach. Section 5.3.6 explains estimation of 3D line-segment after grouping.

5.3.1 Line-segment estimation

As indicated in Equation 5.4, whenn line-segments are grouped, grouping process piles-up
their 2D and 3D points ((x;y;z)3D; (x;y)2D). The 2D and 3D representations of grouped line-
segment are then estimated by regressions on respectively 2D and 3D point sets. Conform
to Deriche u. a. [1992], we take bene�t from two minimal representations of line in two and
three dimensions. The regressions are performed using the following models.

2D line representation

We apply the minimal representation of 2D line indicated in Equation 5.5. Each line is
expressed by two parametersq; r (see Figure 5.8). In contrast to linear representation
(y = mx+ d) this representation does not suffer from any degenerated con�guration. Least
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squares method is used to �t this model to a point set [Deriche u. a., 1992]. After estimation
of 2D line, line-segment is computed by projecting the two farthest points on the estimated
line.

ycosq� xsinq = r (5.5)

Figure 5.8: 2D representation of line

3D line representation

In order to estimate 3D line from a point set, we use the Plücker representation. A line is
computed as the intersection of two planes. Three following con�gurations can be consid-
ered regarding line's direction:

8
><

>:

Lines non orthogonal to theZ-axis X = aZ+ p; Y = bZ+ q;

Lines non orthogonal to theX-axis Y = aX+ p; Z = bX+ q;

Lines non orthogonal to theY-axis X = aY+ p; Z = bY+ q;

(5.6)

The estimation is optimal in the con�guration in which intersecting planes form a right
angle. So we estimate line in each of these three conditions. Then, we accept only the
con�guration in which the intersection angle is closest to 90� .

As mentioned before, grouping of 3D line-segments are deduced from corresponding
2D line-segments. In this condition, presence of features that do not lie on road approximate
plane such as cars and pedestrians causes some outliers to introduce into 3D point set used
for line estimation. In order to be robust to these outliers, 3D line estimation is performed
in two steps:

1. Fitting a 3D line by minimising L1 norm and detection of outliers,

2. Fitting a 3D line by minimising L2 norm using inliers.

The line-segment is then estimated by projecting the two delimiting 3D points on the esti-
mated 3D line.

5.3.2 2D line-segment grouping algorithm

Many authors have investigated 2D line-segment grouping algorithms. Robles-Kelly und
Hancock [2000] propose a method of grouping that computes �rst a grouping �eld as a
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function of geometric af�nity between individual line segments and then use eigenstructure
of the adjacency graph to �nd the main grouping. Hunt und Nelson [1996] propose a gradi-
ent based approach that takes bene�t from gradient magnitude and orientation of individual
segment lines to provide a coherent grouping. In the method presented in [Jang und Hong,
2002] candidates of grouping are provided �rst as a function of proximity and orientation
between segments. Final line segments are then constrained to respect a global criteria in
order to provide the longest line-segments. As the last mentioned method provides a glob-
ally optimised result, we chose it as a basis for our algorithm.

This algorithm is explained in the three following Sections. First, Section 5.3.3 presents
our geometric criteria for grouping a pair of line-segments. Then, Section 5.3.4 explains
how these criteria are iteratively used to generate grouping candidates. Finally, Section 5.3.5
explains how the algorithm deals with redundancy problem within grouping candidates and
provides an unique optimum result.

5.3.3 Local constraints for grouping a pair of line-segments

Two segments can be candidates for grouping if they respect alignment and proximity con-
straints that are de�ned regarding Figure 5.9. Two segmentsSi andSj are aligned if the
conditionA(Si ;Sj ) is satis�ed:

A(Si ;Sj ) = true if max(qi ;q j ) < qmax (5.7)

where:

qi andq j are angles between each line-segment with the line-segment

formed by mid-points of the two line-segments

qmax is an angular tolerance to be �xed.

Figure 5.9: Line-segment grouping criteria
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In order to de�ne proximity condition between two line-segments (P(Si ;Sj )), we must
de�ne attraction and repulsion regions (Ra,Rr ) of a segment. According to Figure 5.9 the
repulsion region (Rr ) is de�ned by :

Rr (Si) = Cr (Mi ; `(Si)=2) (5.8)

where:

Cr (O;r) is a disc with a centre ofO and radius ofr

Mi is the midpoint ofSi

`(Si) gives the length of the segmentSi

The attraction region (Ra) is de�ned by:

Ra(Si) = Cr (Ai ;e) [ Cr (Bi ;e) (5.9)

where:

Ai andBi are the two end points ofSi

e is a distance tolerance to be �xed

The proximity condition between two segmentSi andSj is denoted byP(Si ;Sj ). It is
satis�ed if all the following conditions are veri�ed.

P(Si ;Sj ) = true if

8
>>>><

>>>>:

Mi =2 Rr (Sj )

M j =2 Rr (Si)

Ai 2 Ra(Sj ) � Bi 2 Ra(Sj )

A j 2 Ra(Si) � B j 2 Ra(Si)

(5.10)

� : exclusive or

This equation expresses that a pair of line-segments are in proximity to each other if:

• none of the line-segments' centers is situated in the repulsion region of other line-
segment (two �rst conditions)

• one and only one extremity of each line-segment is situated in the attraction region of
other line-segment (two last conditions).

The conditions presented in Equations 5.7 and 5.10 are necessary for grouping a pair of
line-segments. Other conditions such as gradient direction can be considered and added to
grouping conditions. Let us see in the following Section how these constraints are applied
to group more than two line-segments iteratively.

5.3.4 Strategy for generating grouping candidates

The mentioned local constraints in Section 5.3.3 de�ne the condition of grouping a pair of
2D line-segments. In order to provide grouping candidates , we aim at considering all the
combinations of line-segments. Let's callS a set ofNs 2D line-segments,si the ith line-
segment and a set of grouped line-segments a base-line.
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The approach outlined in Algorithm 2 begins by considering a line-segmentsi as a
base-lineSB

i . Then all the other line-segments (S � f sig) are tested for grouping with the
so called base-lineSB

i regarding the mentioned proximityP and alignmentA constraints
(See Section 5.3.3). If a line-segmentsj satisfy the grouping conditions, it is grouped with
the base-line usingGfunction(SB

icand
= G(sj ;SB

i )). This operation must be repeated until no
line-segment group the base-line.

However deviation accumulation when line-segments are grouped iteratively can lead to
a curve. In order to avoid this scenario theSB

icand
is accepted only if its residuals of line �tting

process (See Equation 5.4) are not greater than a thresholdvmax. If grouping is accepted the
base-line is updated (SB

i  SB
icand

).

After each update of the base-line, the so called operation is repeated from beginning of
the line-segment list. This repetition is necessary because after grouping withsj , parameters
of base-lineSB

icand are modi�ed and for some line-segmentssk , k < j, the alignment and
proximity conditions can become satis�ed even if was not the case in previous iterations.
So the iteration gives the chance of grouping to all line-segments independently to their
order in line-segment setS. Moreover within the iterations a line-segmentsi can contribute
in many base-linesSB

l ;SB
m;SB

n ; : : : . On the one hand this is interesting because it provides a
large number of possible grouping without any sensibility to the ordering of line-segments,
on the other hand it introduces some redundancy in the grouping process.

In each iterationi, when no more line-segmentsk is grouped with the base-lineSB
i ,

the index of all contributed line-segmentIB
i is registered and the algorithm continues by

initializing SB
i+ 1 with si+ 1.

In order to reach �nal grouped line-segment set the algorithm must cope with the men-
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tioned redundancy problem. It is brie�y explained in Section 5.3.5.

Input : S: a set ofNs line-segments
/* IB

i : a list of line-segment as candidate of grouping */
/* IB: a list of IB

i */
Result: IB

for i = 0 to Ns do
SB

i  si // SB
i : Baseline segment starting with si

Register i inIB
i // Index list of contributed segment's in SB

i
Grouping true
while Groupingdo

Grouping false
for j = 0 to Ns do

if (j =2 IB
i ) ^ A(sj ;SB

i ) ^ P(sj ;SB
i ) then

SB
icand

= G(sj ;SB
i )

if Max(Residuals of SBicand
) < vmax then

SB
i  SB

icand

Register j inIB
i

Grouping true
break

end
end

end
end
RegisterIB

i in IB

end

Algorithm 2 : Generation of candidate grouped line-segments.

5.3.5 Strategy for �nal grouping selection

This part of the algorithm applies the method proposed by Jang und Hong [2002] to select
within redundant line-segments in a way to encourage constitution of longer segments. The
method is outlined in Algorithm 3. It is based on three following principles:

• Each line-segment is associated to the longest group. So it is unregistered in any other
groups.

• Within the resulting group only those conservingTr% of initial length are accepted.

• All unaccepted groups are re-entered in Algorithm 2.
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In order to perform these operations we de�ne the two following functions:

L (A) = å
k2A

k sk k (5.11)

F(A; i) =

(
L (A) if i 2 A

0 otherwise
(5.12)

where:

A : vector of line-segment's index

L (A) : gives sum of line-segments' length of a listA

The index of the longest base-line containing line-segmentsi is computed using Equation
5.13. Then line-segmentsi is unregistered from all other base-lines.

m = argmax
j= 0 toNs

(F(IB
j ; i)) (5.13)

After modifying base-lines by the unregistering operation, only the base-lines conserving
Tr% of their initial length are accepted (L (TB

j )=L (IB
j ) > Tr ). Line-segments of the remain-

ing base-lines are re-entered in the Algorithm 2.

Input : IB computed by Algorithm 2
Data: Tr 2 (0;1)
Result: validation/rejection of grouping candidates
/* L : defined in Equation 5.11 */
/* F: defined in Equation 5.12 */
TB  IB

for i = 0 to Ns do
m = argmax

j= 0 toNs

(F(IB
j ; i))

for j = 0 to Ns do
if j 6= m then

unregisteri from TB
j

end
end

end
for i = 0 to Ns do

if
L (TB

j )
L (IB

j ) > Tr then

accept groupingTB
j and estimate grouped line-segment by

regression
end
else

8i 2 TB
j Sungrouped si

end
end
InputSungroupedin Algorithm 2

Algorithm 3 : According to [Jang und Hong, 2002] : selection of �nal
groupings between the candidates provided by Algorithm 2.
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The example of Figure 5.10 demonstrates different steps of our 2D line-segment group-
ing. Let us suppose line-segments of Figure 5.10(a) enter in grouping process and let us sup-
pose all line-segments are of length 1. Grouping candidates are constituted by Algorithm
2. Figure 5.10(b) shows the grouping candidates. As mentioned before these candidates
suffer from redundancy. For examples2 is shared between grouping candidatesG1 andG2

ands1 is shared betweenG2 andG3. Within all the groups (G1,G2,. . . ) a line-segmentsi is
associated only to the longest group (in this caseG2 with length of 8). So theG1 andG3

lose respectivelys2 ands1. After eventual loss of some line-segments only the groups that
conserveTr% of their initial length (Tr ' 80%) are accepted as �nal groups and the other
candidates are rejected. SoG1 andG3 are rejected because they conserve only 66% of their
initial length (See Figure 5.10(c)). All ungrouped line-segments are then re-inputted in the
Algorithm 2 and this operation is repeated until no more group is rejected or is formed.

(a) (b)

(c) (d)

Figure 5.10: According to [Jang und Hong, 2002] (a) A set of line-segments that enters
the grouping algorithm, (b) Initial grouping candidatesG1 andG2 shares2, G2 andG3 share
s1. Some line-segments such ass8,s9,. . . are isolated. (c)G2 is accepted, the other uniso-
lated line-segments (s6,s7,s3,s5) are re-entered in the algorithm. (d) The �nal grouped line-
segment without any shared line-segment.

5.3.6 Advantage of our line-segment grouping method

Most of the line-grouping algorithms are developed to group line-segments in image space.
Often after �nding line-segments that contribute in a group, the �nal grouped line-segment
is computed by a regression applied on end-points and weighted by line-segment length
of all the contributing line-segments. In our application the grouping is not performed in
image space but in object space. So for the segments of similar length, the uncertainty is
raised as distance from the stereo-base increases (See the Equation 3.1). In the same way
the along track GSD increases by distance from camera. So line-segments of similar length
are constituted of less points as the distance from stereo-pair increases.

So registering initial points of each line-segment in the data structure and performing the
regression on contributing points instead of contributing line-segments weighted by length
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can considerably improve the results.

In fact in our grouping method line-segments of similar distance from stereo-base are
weighted by their length that depends directly on the number of points. In contrast, line-
segments of same length are less weighted when they are farther from stereo-base because
they have less points.

5.4 Conclusion

This chapter presents our strategy for modelling zebra-crossing's and dashed-lines' strips
using a parallelogram shape. The candidate line-segments provided by the detection step are
analysed to see if they correspond to a parallelogram shape. Each candidate is rejected if it
does not satisfy the model. The candidates satisfying the model are geometrically improved
by �nding the optimal transversal sides. Each strip is supposed to be planar, but there is not
any planar hypothesis between strips. It means that a zebra-crossing or a dashed-line can be
correctly modelled even if their strips are not all on a plane. This is particularly the case for
zebra-crossings that follow the road transversal curvature.





Part III

Results and evaluations





Chapter 6

Evaluation

6.1 Introduction

Quality evaluation of automatic feature extraction approaches is an important issue due to
several reasons. First, it provides useful information about limitations of an approach for
object extraction and can help to focus future researches. Second, it helps us to compare
different proposed algorithms and to convince a user that a speci�c approach can reach a
needed quality in an operational project. Even if an automatic approach does not provide
a requested quality directly, it may be interesting to evaluate the needed manual effort for
improving the derived results' quality up to a level that satis�es the user. In cartographic
applications two aspects of quality are often taken into account: geometrical accuracy and
correctness [Schuster und Weidner, 2003].

Correctness evaluation consists often to determine if a detected feature exists in the ref-
erence data and symmetrically if a feature that exists in reference data is detected by the
algorithm. It is often expressed by measures such as detection rate, false alarm rate and
quality rate (De�ned in Section 6.4).

Geometrical accuracy expresses the geometrical similarity between a detected feature
and its corresponding feature in reference data set.RMS1 difference is consistently applied
in this purpose.

In the context of road extraction evaluation, most efforts have concerned aerial-based
approaches. They are often based on comparison of the automatically derived data set
against a manually compiled high quality reference model. Heipke u. a. [1997] propose
to match the two data sets by de�ning a buffer around the reference data set and to com-
pute quality measures that consist of correctness and geometrical accuracy. McKeown u. a.
[2000] propose to transform the evaluation of feature extraction into the evaluation of a
classi�cation by discretising the space either in 2D pixels or 3D voxels. In this manner a
mask of the road is produced by a reference data set and its overlap with the detected road
features is analysed for estimating some correctness measures. Recently a very interesting

1RMS: Root Mean Square
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effort have been made under the umbrella of EuroSDR2 in order to compare the existing
methods for automatic road extractions [Mayer u. a., 2006]. Within this project, complete-
ness and correctness of the extracted data are presented.RMSis computed in image space
and expressed in pixels.

In contrast to aerial-based approaches, there are only a few reference focusing on quan-
titative evaluation of road features extracted from ground-based systems. However some
efforts have been made by Tao u. a. [1998] and Cheng u. a. [2007] for evaluation of road
marks that are extracted from stereopairs of ground-based MMSs.

In the work presented by Tao u. a. [1998], the evaluation consists in the estimation of
geometrical accuracy of reconstructed road's centerlines. The relative geometrical accuracy
is measured by back-projecting the extracted centerlines in image space and computing their
RMSdifferences with image's edges. Then the absolute accuracy is evaluated by overlaying
and comparing the extracted centerlines on an existing digital roadmap. However roadmaps
suffer often from generalisation. So the difference with roadmaps does not express �ne
imprecision.

Cheng u. a. [2007] propose to compare the reconstructed roadmark set with a manually
compiled set from the same ground-based images. Detection rate and false detection rate
are then computed over a large set of images regarding length of extracted roadmarks.

6.2 Our evaluation criteria

Our evaluation method differ from the mentioned approaches in the previous section in two
following ways:

• Completeness evaluation is often performed by comparing length or surface between
extracted and reference data. Since our algorithm extract strips, we prefer to express
completeness evaluation by the number of extracted objects disregarding their length
and surface.

• Geometric accuracy is often expressed in image space (in pixel). However image
measurements do not express directly accuracy in object space. 3D accuracy depends
on geometric con�guration of stereo or multi images. We express geometric accuracy
of our algorithm in object space. It is performed by comparing 3D reconstructed data
with a 3D reference data that is measured using an independent method (topography).

We present �rst in Section 6.3 some qualitative results. Section 6.4 describes our criterion
for correctness evaluation and present results on a set of 150 successive stereo-pairs. Section
6.5 present our 3D accuracy evaluation method and analyse the obtained results.

6.3 Qualitative results

This section describes some advantages of our method when dealing with real urban areas.
Robustness of our algorithm to partial occlusions and damaged or eroded roadmarks is

2EroSDR: European Spatial Data Research
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illustrated by several examples.

6.3.1 Robustness to damaged and eroded roadmarks

Even if roadmarks are painted with strict speci�cations, due to weather and traf�c conditions
they are often partially eroded. They are also sometimes covered with other urban features
such as manhole-covers. In consequence they do not respect their theoretical shapes. In
order to be as complete as possible an algorithm must be robust to these conditions. Mod-
elling of strips with their sides instead of corners robusti�es considerably the algorithm to
these dif�culties. This is illustrated in Figure 6.1.

(a)

(b)

Figure 6.1: Robusteness of the algorithm to damaged, eroded and covered roadmarks. Left:
re-projection of reconstructed roadmark in left image, Right: zoom on roadmarks.
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6.3.2 Independency from repetition of strips

In urban areas, cars often occlude the roadmarks. In this scenario the detection algorithms
which are based on alignment and repetition of strips fail. Our algorithm is based on 3D
parallelogram shape recognition so it is independent to repetition. Figures 6.1(b) and 6.2
show two detected individual dashed-line strips.

Figure 6.2: Independency of strip recognition to repetition.

6.3.3 Robustness to partial occlusions

In real urban areas roadmarks can be partially occluded by cars or pedestrians. Since our
algorithm is based on detection of long and transversal sides, strips can be reconstructed
even if some parts of line-segments corresponding to its sides are occluded. An example
is shown in Figure 6.3. However the algorithm fails to perform correct modelling when
at least one of the sides is completely occluded (See Figure 6.4). In this case the detected
strips will not be validated by the modelling step.

Figure 6.3: Extraction under partial occlusion of strip's sides.
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Figure 6.4: Extraction under complete occlusion of transversal sides.

6.3.4 Geometric limitation of method

As mentioned in Chapter 3, 3D reconstruction of linked-edges is in�uenced by relative
pose of stereopair in relation to roadmark object. This is due to two following critical
con�gurations:

• Long distance of roadmark from stereopair
Since the stereo base is �xed to 1:20 m, when distance of object from vision sys-
tem (H) increases the ratioB=H decreases. This effect causes higher inacuracies
in 3D estimation (see Equation 3.2). In depths higher than 20m (B=H = 0:06), 3D
linked-edges become too noisy. Figure 6.5(a) illustrates an example of zebra-crossing
situated at an average distance of 20m from stereopair. As can be seen on this Fig-
ure the strip located in extreme right-side of the zebra-crossing is too noisy when
reconstructed in 3D. This is the reason why this strip is not detected by extraction al-
gorithm. This effect exists in all strips but it is more signi�cant for extreme right-side
one. This is because of smaller intersection angle of photogrammetric triangulation.
Despite the mentioned detection problem the 3D accuracy of reconstructed strips is
about 20mm(see Table 6.2).

• Orientation of roadmark in relation to vision axis
As mentioned in Chapter 4 strips are detected thanks to their long sides. This is
because long sides are often nearly vertical toepipolar lines whereas short sides are
nearly parallel toepipolar lines. Figure 6.5(b) illustrates a zebra-crossing that form
a 45� angle with the vision axis. Long sides are so near toepipolar lines in image
space. Resulting inaccuracy is illustrated by a zoom on 3D linked-edges. However,
thanks to small parts that are correctly reconstructed, the algorithm is still �nding the
strips. Let's stress that an orientation larger than 45� in object space in relation to
vision axis can cause the extraction algorithm to fail.

Both examples illustrated in Figure 6.5 present critical con�gurations in which our al-
gorithm is still ef�cient. However regarding the present noise within 3D linked-edges, these
two con�guration can be considered as ef�ciency limit of our algorithm in terms of distance
and orientation of roadmark object in relation to vision system. Higher level of noise in 3D
linked-edges can lead to inef�ciency of line-segment estimation and so strip detection.
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(a)

(b)

Figure 6.5: Two critical con�gurations of roadmark strips in relation to stereo rig. a) zebra-
crossing at distance of 20m (B=H = 0:06), b) a zebra-crossing that is oriented to 45� in
relation to vision axis. In this case long sides of strips are nearly parallel toepipolar lines
and cause some problems in matching step.
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6.4 Correctness evaluation

In order to evaluate the correctness of our algorithm, it has been applied to 150 consecutive
stereopairs provided by theStereopolissystem from the city centre of Amiens in France
under normal traf�c conditions3. The length of trajectory is about 1Km. It is shown in the
Figure 6.6. For each individual stereopair, the output consists in strips of different type of
dashed-lines or zebra-crossing. Let us remind here that reconstruction process is completely
independent within consecutive stereopairs. There is no merging of the results within the
image sequence. So the correctness evaluation is performed in relation to each stereopair.
In order to do that, for each stereo-pair and each roadmark object of interest, the number of
true-positives (TPi), false-positives (FPi) and strips that are visible in stereo which could be
reconstructed (Si) are counted. Let us give a precise de�nition of these terms:

Figure 6.6: Test trajectory at the city center of Amiens in France (1km)

• Roadmark object of interest: Strip of zebra-crossing or one dashed-line type such as
T

0
0,T

0
1, etc. (see Section 2.1).

• True-positive(TPi): An extracted object from stereopair numberi that corresponds
to roadmark object of interest.

• False-positive(FPi): An extracted object from stereopair numberi that does not cor-
respond to any roadmark object of interest.

• Si : Total number of roadmark objects of interest that are visible in both left and right
images of stereopair numberi. The long sides of these strips can be partially occluded.

The so called values are counted manually in each stereopair. They give useful information
about the quality of extraction algorithm in each stereopair. However the number of strips

3The speci�cations of theStereopolissystem and problem of normal traf�c condition are already discussed
in Chapter 1.
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in each stereopair may not be high enough to be statistically signi�cant. In order to express
the performance of the algorithm over a statistically large enough set and under different
perturbing conditions (traf�c,pedestrians, etc.) the three following measures are de�ned
over whole stereopairs.

• Detection rate:expresses the percentage of correctly extracted roadmarks. The opti-
mum value for the detection rate is 1.

r d =
STPi

SSi
2 [0;1] (6.1)

• False alarm rate:expresses the percentage of detection's errors. The optimum value
for the False alarm rate is 0.

r f =
SFPi

SSi
2 [0;¥ ] (6.2)

• Quality factor: this measure is more useful and expresses the “goodness ” of detec-
tion result. It depends on bothTP andFP. The optimum value for the Quality factor
is 1.

r q =
STPi

SSi + SFPi
2 [0;1] (6.3)

Table 6.1 expresses these three measures for different types of roadmarks.

Type Size(cm) S TP FP r d r f r q

Dashed-lines
T

0
0 10� 50 485 416 20 86% 4% 82%

T
0
1 15� 150 51 50 12 98% 23% 79%

T 3 15� 300 30 30 2 100% 7% 93%
T 2 22� 300 6 6 27 100% 450% 18%

Zebra-crossing
— 50� X 359 329 8 92% 2% 90 %

Table 6.1: Completeness evaluation of roadmark reconstruction.

It can be seen that detection rate is higher than 86%. There are three main reasons for
detection problems:

1. Problem in edge detection:This is always due to signi�cant erosion of roadmarks
(caused by car passages). Such effect eroded roadmarks are illustrated in Figure 6.7.
In this case strip's borders are not detected and so roadmark detection algorithm fails.

2. Signi�cant local textures:Even if the algorithm is designed to be relatively robust to
this effect, it is still sensible to signi�cant local textures. It is specially the case for
the detection problem related to small roadmarks such asT

0
0.
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Figure 6.7: In the case of signi�cant erosion, edge detection fails and so roadmark detection.

Last column of Table 6.1 expresses the quality of the algorithm for extraction of each
roadmark object. It can be seen that the quality is higher than 80% for zebra-crossing and
for dashed-lines' strips of typeT

0
0, T3. In contrast the quality is decreasing for strips of

type T
0
1 andT 2. Regarding theirr d, the algorithm extracted successfully the strips that

were present in the images. However their highr f denotes that the algorithm extracts also
strips that do not exist in reality. The high false alarm rate of these two strips' type is due
to presence of other objects that verify perfectly the geometric constraints used in detection
and modelling steps. Figure 6.8(a) and 6.8(b) show an example of this scenario. Excep-
tionally in this example two strips are detected (See Figure 6.8(a)) and they are closer to
each other than the speci�ed distance by the standards (See Section 2.1.2). So they can be
�ltered. This, however is not often the case. Figures 6.8(c) – 6.8(f) represent individual
false strips extracted by the algorithm. In these cases false alarms can no more be �ltered
by taking into account strips interaction. By interaction, we mean the geometric constraints
between successive strips of the same dashed-line.

Let us recall that the presented results are obtained using individual stereo-pairs without
merging within intra-date stereo-pairs. This is because absolute pose of stereo-pairs are not
known precisely enough. In term of completeness, merging intra-date results is interesting
because:

• Each strip is present in more than one stereo-pair. This increases the probability
of reconstruction. Indeed if a strip is not reconstructed in one stereo-pair, it can be
reconstructed from the next or the previous stereo-pair. This can increase signi�cantly
the detection rate.

• After merging reconstructed strips from successive stereo-pairs, on can �lter out false
alarms by testing interaction between strips. This can reduce the rate of false alarms.
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(a) False alarm of typeT
0
0 (b) Zoom on false alarm of type

T
0
0

(c) False alarm of typeT 3 (d) False alarm of zebra-crossing's
strip

(e) False alarm of typeT
0
1 (f) False alarm of typeT

0
0

Figure 6.8: Some examples of what is considered as false alarm in extraction of parallel-
ogram shape strips, the extracted objects are constituted of parallelogram forms in which
parallel sides have inverse gradient directions.
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6.5 Geometric accuracy evaluation

In order to evaluate the accuracy of our reconstruction algorithm, we aim at comparing the
reconstructed objects to the same objects measured by an independent method. For this
purpose, a classical topographic operation is planned in the area in which the stereopairs
are acquired. In this operation the four vertices of zebra-crossings' strips are measured
with millimetre precision. Within the surveyed zebra-crossings ten are seen in stereopairs
provided byStereopolis. The so called zebra-crossings consist of 73 strips that are seen in 29
stereopairs (one zebra-crossing can be seen in more than one stereopair). The algorithm is
applied to the so called stereopairs and the 3D coordinates of extracted strips are registered.

Evaluation Protocol
As Explained in Section 2.2.4, the extrinsic calibrations of stereopair provided byStere-

opolisare unknown. The reconstructed roadmarks are so expressed in the 3D relative system
of acquisition (origin and orientations are given by the left camera). This is the reason why,
difference between reconstructed and reference coordinates can not be used as an error vec-
tor. Even if the stereopair could be georeferenced by matching the reconstructed and the
reference strips, it is avoided because the georeferencing errors can disturb evaluation mea-
sures. We perform a relative comparison by computing the difference of speci�c distances
within a zebra-crossing. Figure 6.9 demonstrates distance measurements applied on each
strip of a zebra-crossing. The distancesC1;2,T1;2 andd express the shape of strip. The dis-
tancesW1;2 andS1;2 denote the interaction of strip with its neighbouring strip. We de�ne in
the Equations 6.4 – 6.8 �ve quality measures for each strip. Lets remark that the for each
strip the interaction measures (sS1;2 andsW1;2) are computed in relation to its successive
strip. So it is not computed for last strip of each zebra-crossing (strips are ordered from left
to right in relation to image space).

Figure 6.9: Distances used for comparing reconstructed and reference zebra-crossings.
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sC1;2 = Cre f
1;2 � Crec

1;2; ŝC =
jsC1j + jsC2j

2
(6.4)

sT1;2 = Tre f
1;2 � Trec

1;2 ; ŝT =
jsT1j + jsT2j

2
(6.5)

sd = dre f � drec; ŝd = jsdj (6.6)

sW1;2 = Wre f
1;2 � Wrec

1;2 ; ˆsW =
jsW1j + jsW2j

2
(6.7)

sS1;2 = Sre f
1;2 � Srec

1;2; ŝS =
jsS1j + jsS2j

2
(6.8)

Results of precision evaluation
The quality measures are computed for 29 zebra-crossings reconstructed from 29 stere-

opairs. They constitute 138 strips. The Figures A.1 – A.4 in Appendix A show the re-
projection of the reconstructed zebra-crossings by our algorithm in corresponding stere-
opairs. Table A.1 in Appendix A represents the detailed result on each strip of the so called
zebra-crossings. Figure 6.10 demonstrates the histogram ofsC1;2 on all 138 strips. The error
distribution seems to be a mixture of two normal distribution around 0cmand 20cm. The
normal distribution around 20cmis suspected to be a bias in reconstruction of some strips.

Table 6.2 summarises the quality measures for each zebra-crossing by averaging the val-
ues of corresponding strips (biased zebra-crossings are marked in red). As can be observed
in this Table large differences correspond to two reference zebra-crossings H and J. They
correspond to the zebra-crossings of Figures A.3 and A.4. So the large errors of difference
histogram (See Figure 6.10) are due to only two instances of zebra-crossing.

Figure 6.10: Histogram ofsC1;2 corresponding to 138 reconstructed strips.
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Reference Stereopair's number of Distance ŝC ŝT ŝd ˆsW ŝS

zebra-crossing's number strips in m in mm
label

A
71 5 7.6 30 10 18 10 22
252 4 7.2 24 10 17 13 22
253 5 11.2 53 12 34 15 30

B 115 4 11.1 40 10 44 6 26
C 117 2 9.4 10 13 3 0 0
D 153 3 8.1 37 13 40 7 28
E 157 4 6.6 25 8 21 5 28

158 5 12.1 26 10 20 5 33
F 164 2 6.2 14 9 12 14 24
G 165 4 13.1 26 6 25 6 23

166 8 18.4 22 15 27 7 14

H
236 5 6 16 11 8 8 17
244 6 15.1 169 29 141 25 164
246 3 14.2 148 18 139 27 146
247 6 15 157 26 136 24 153
249 6 15.6 182 33 153 28 178
250 6 17.7 154 35 110 27 153

I

94 4 7.1 38 5 32 7 37
95 6 12.3 32 12 36 15 35
314 3 6.6 39 7 46 5 36
315 3 8.2 34 5 36 12 28
316 4 8.2 19 5 22 8 15
317 3 10 75 9 86 5 66
319 4 10 45 8 50 7 46
320 4 9.9 45 11 53 6 49
321 5 10 70 14 73 12 61
322 4 10.7 42 9 48 8 42

J
676 4 7 131 13 116 8 127
677 8 12.25 232 23 214 20 227
678 8 17.3 329 31 299 28 314

Table 6.2: Difference of reconstructed zebra-crossings with the reference ones. Large dif-
ferences are marked in red.
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What is the reason of large errors ?
As mentioned before large errors correspond to the reference zebra-crossings H and J.

Let us study these two cases separately.

Bias analysis on reference zebra-crossing H:
Regarding Table 6.2, the mean error on long sides of zebra-crossing H is:ŝC � 170mm.

In order to control the coherence of reconstructed model with stereopairs, the re-projection
of the model in image space is studied.

Figure 6.11 demonstrates the re-projection of reconstructed zebra-crossing from stere-
opair number 244 in corresponding distortion-free left image. As observed in this Figure the
re-projected reconstructed line-segments are very close to the long sides of strip (better than
1 pixel). However due to the fact that the strip is not planar, strip's vertices are approached
only with 2 pixel accuracy. This is also the case in the right image.

According to Equation 3.2, at distance of this strip from stereo-base (16m) and baseline
of 1:2 m, with focal length equivalent to 3200 pixels a 2 pixel error in image measurement
(s r = 2 pixels) cause an error of 130mmin 3D reconstruction. So it can cause an error
of 130�

p
2 = 183mmin 3D length measurements. This is con�rmed with the difference

that our algorithm reaches for the strip. Considering distance from object this argument is
plausible for the stereopairs number 246, 247, 249 and 250.

To conclude, the error observed on reference zebra-crossing H can be considered as a
modelling error. Indeed planar model for strips cause 3D errors when one strip is not planar
in reality. The farther the strip pattern is from planar model, the larger is 3D error.

Bias analysis on reference zebra-crossing J:
The image re-projection of reconstructed zebra-crossings in stereopairs number 676, 677

and 678 are coherent with images edges (differences are smaller than 1 pixel). The ap-
plied relative orientation and distance between left and right images are suspected to be the
reason. In order to verify the rigidity of stereo-rig, a bundle adjustment is performed on
stereopair number 677. The processes integrates the manually measured tie points and also
control points. We use as control points the J reference zebra-crossing's strips coordinates.
All the tie and control points are pointed with subpixel accuracy. However the adjustment
results show signi�cant 3D residuals on 2 strips. We believe that the zebra-crossing was re-
painted between our imaging and topographic operations. As measurements are performed
six month after imaging operation it is possible.

If our hypothesis is true, our reconstruction can be correct. Indeed the incoherence
between reconstructed zebra-crossing from stereopairs number 676, 677 and 678 can be
explained by increasing object distance (from 7m to 17m) and is not in contradiction with
the correctness of our reconstruction.

General error analysis on unbiased reconstruction results
The biased results are discussed and justi�ed in the previous paragraphs. Let us anal-

yse the errors within the remained unbiased zebra-crossings. Figure 6.12 demonstrates the
histograms of error measurements that are de�ned by Equations 6.4 – 6.8 (See also Figure
6.9).
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Figure 6.11: The image re-projection of third strip (from left to right) of zebra-crossing
number 244. The transversal sides are estimated as a linear regression on all corresponding
edge points. In the case of non planar strip image residual are important (> 2 pixels) at the
strip vertexes even if in the center of transversal side residuals are smaller than 1 pixel.

It is observed that errors are larger in the direction of long sides than in transversal
sides. It can be explained by the fact that long sides are nearly aligned with Z axis of the
cameras (Depth direction). This direction is often called along track direction and both
other orthogonal directions, across track ones. In photogrammetric intersection the across
track accuracy (sx;y) and along track one (sZ) are related by Equation 6.9. In our speci�c
caseD (Depth) being relatively higher thanB, uncertainty of along track direction is higher
than across track ones.

Regarding evaluation results the estimated standard deviation of our 3D roadmark re-
construction algorithm under real conditions is 4cmfor an average object distance of 10m.
Considering our edge matching algorithm we reach 1cmaccuracy at the distance of 10m
for 3D linked-edges. The lower accuracy obtained on the zebra-crossings can be explained
by error accumulation during reconstruction, detection and modelling steps. Regarding the
simplicity of our strip model it is an acceptable accuracy. Indeed roadmark modelling under
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real conditions with higher accuracy (< 4 cm) implies a much more complex model to be
capable to deal with damaged or eroded roadmarks. Finally since process of dashed-line
reconstruction is similar to this of zebra-crossing the geometric precision of dashed-lines
must be similarly 4cm.

sz =
D
B

� sx;y (6.9)
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(a) Histogram ofsC1;2 (b) Histogram ofsT1;2

(c) Histogram ofsd1;2 (d) Histogram ofsS1;2

(e) Histogram ofsW1;2

Figure 6.12: Evaluation of geometric precision according the criteria de�ned in Equations
6.4 – 6.8.
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6.6 In�uence of image resolution on the algorithm

The results presented in previous Sections are obtained by using full resolution images of
4096 � 4096 pixels, with 3260 pixels focal length as input of the algorithm. These images
are acquired by IGN's digital cameras that are destined for aerial imagery. Most of the
ground-based mobile mapping systems use lower resolution cameras. This is the interest of
examining the behaviour of our roadmark reconstruction algorithm in lower resolutions. In
order to test the ef�ciency of the algorithm in lower resolutions, we have used undersampled
images as input of the algorithm. Image resolution in�uence both correctness and accuracy
of roadmark reconstruction.

(a) Images resolution: 4096� 4096, the reconstruction is ef�cient until distance of 30m
from camera.

(b) Images resolution: 1024� 1024, the reconstruction is ef�cient until 10mfrom camera.

Figure 6.13: In�uence of image resolution in roadmark detection.
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6.6.1 In�uence of resolution on correctness of reconstruction

As explained during Chapters 4 and 5 detection and modelling of roadmark objects are per-
formed on 3D linked-edges. So the quality of 3D linked-edge in terms of completeness
and accuracy in�uence the roadmark object recognition step. Considering Equation 3.2,
accuracy of 3D point estimation increases by �rst, distance from camera (D) and second,
accuracy of disparity (s r ). In edge matching thes r is a fraction of pixel size. This is the
reason why, accuracy of depth (D) estimation increases, when resolution decreases. This
effect causes appearance of roughness along 3D reconstructed linked-edges. Such effect is
similar to the one shown previously in Figures 3.13(a) and 3.13(c).

At long distances from camera, this roughness effect is ampli�ed. This is troubling
in line-segment estimation that is the �rst step of detection stage and can fail roadmark
recognition stage (detection and modelling). Fortunately, this effect is less signi�cant at
shorter distances from camera and the detection algorithm may still be ef�cient.

In order to give an idea for in�uence of resolution on the detection algorithm, we test
it �rst on a full resolution stereo-pair (4096� 4096 pixels). The algorithm detects correctly
all the 10� 50 cm strips that are closer than 30m to cameras. Then sub-sampled images
(1024� 1024 pixels) are used. This time, the algorithm reconstructs correctly the same
strips until 10m from cameras and fails for farther strips (See Figure 6.13). The algorithm
is no more ef�cient for detection of these strips (10� 50cm) at lower resolutions. For larger
roadmarks such as zebra-crossing the detection algorithm is still ef�cient at resolution of
512� 512 pixels.

6.6.2 In�uence of resolution on accuracy of reconstruction

As discussed in the previous Section, the algorithm is still detecting roadmarks at lower
resolutions than our full resolution. However it is interesting to compare reconstruction
accuracy at different resolutions. An interest is to choose an optimal camera from resolution
point of view that reduce the cost and provide the requested accuracy and correctness.

In order to compare the reconstruction accuracies, a reference zebra-crossing is recon-
structed using different resolutions of input images. This zebra-crossing is situated at an
average distance of 11m from cameras. Then the differences are measured between what
is reconstructed by the algorithm and what is measured by topographic methods. Table 6.3
present the results. As can be seen on this Table, we obtain a difference of 2cmbetween the
model reconstructed from full resolution images and the one reconstructed from images that
are resampled with a step of 8 pixels. It means that using 8 times smaller images, causes a
lose of accuracy of about 2cm. The loss of accuracy is higher when distance from camera
increases.

6.7 Computation time analysis

Computation time analysing is an important issue in any object extraction algorithm. Our
roadmark reconstruction algorithm can be interesting in road database generation and also
autonomous navigation systems.
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Resampling Image's size sC1;2 sT1;2 sd sW1;2 sS1;2

step (pixels) inmm
1 4096� 4096 47 60 67 70 43
2 2048� 2048 46 60 57 70 41
4 1024� 1024 60 61 72 69 71
8 512� 512 68 65 66 83 60

Table 6.3: Comparison of 3D accuracies resulting from different input image resolution.
Difference between a reference zebra-crossing and reconstructed one at different resolutions
is expressed inmmaccording to the criteria of Equations 6.4–6.8.

Resolution of input image Linked-edge matching Detection and modelling
512� 512 1.2 s (87%) 0.17 s (13%)
1024� 1024 5 s (68%) 2.3 s (32%)
2048� 2048 20 s (73%) 7.5 s (27 %)
4096� 4096 78 s (84%) 14 s (16%)

Table 6.4: Computation time.

In database generation systems, computation time must be just reasonable in relation to
volume of data to process. So it's not a critical issue. In contrast to database generation
systems, autonomous navigation systems require real time processing algorithms.

The algorithm presented in this thesis is designed in a database generation scope. It
implies to select accurate and reliable solutions even if they are time consuming. This
Section provides an estimation of computation time for each step of the algorithm.

Implementation of the algorithm consists two main parts:

1. Linked-edge matching (Corresponds to Chapter 3),

2. Detection and modelling of roadmark objects (Corresponds to Chapters 4 and 5),

Both parts are implemented in C++. The hardware used for experiments is Pentium
IV 2.8 GHz running under Windows XP. Table 6.4 presents computation time of each part
for different resolution of input image. Processing time increase with image resolution.
It reach 92s at our full resolution (4096� 4096) that is an acceptable time for off-line
database generation. Computing time for undersampled images (512� 512) reaches 1:4 s.
It is possible to reduce this time by only a code optimisation.

Majority of computing time goes into matching step. So, in order to perform more op-
timisation, this part can be studied. In term of computing time, matching step is constituted
of four main operations:

1. Resampling images inepipolargeometry,

2. Extracting edges,

3. Matching edges,

4. Other operations such as result writing, etc.
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Figure 6.14 present proportion of each operation for a 4096� 4096 resolution stereo-pair.
As can be seen in this Figure, the image resampling and the edge extraction consume the
majority of computation time (71%). In order to reduce the computation time of the both
operations, two ways can be considered:

• Applying faster algorithms such as Sobel �lter (instead of Canny-Deriche) for edge
extraction [Sobel und Feldman, 1968] and a pre-computed grids forepipolar resam-
pling. Of course, the use of these solutions can reduce the quality of resulting 3D
linked-edges and so the quality of reconstruction.

• In order to save the quality of results, an alternative solution is to take bene�t from
computational performance that is provided by the latest issues of consumer graph-
ics cards for personal computers. These cards are equipped with a fourth generation
Graphics Processing Unit (GPU). Monti u. a. [2005] present the interest of this tech-
nology in term of computation time for real-time image processing.

The computation time of roadmark recognition step (detection and modelling) is rela-
tively lower than edge matching step. It is composed of four following parts:

1. 3D line-segment estimation from matching results,

2. Detection,

3. Modelling,

4. Other operations such as access to �les, etc.

Figure 6.15 present the proportion of each operation in computation time. This step of
process can be signi�cantly accelerated by code optimisation.

Figure 6.14: Computation time proportion for each operation in edge matching step.



160 Evaluation

Figure 6.15: Computation time proportion for each operation in roadmark recognition step.

6.8 Conclusion

In this chapter we presented the ef�ciency of algorithm to cope with different dif�culties
such as partial occlusions and deformed roadmarks. The completeness of the method is
evaluated on a set of 150 stereo-images. It provides a detection rate higher than 86%. The
geometric accuracy is also evaluated on a large set of ground truth. It reaches 4cmaccuracy
for zebra-crossing strips. Supposing a mean length of 2m for strips, the 4cmerror corre-
spond to a relative error of 1%.

The in�uence of image resolution on the reconstruction results in terms of accuracy and
completeness is also studied and proved the ef�ciency of the algorithm in lower resolutions.
The computation time is about 90s at full resolution (4096� 4096 pixels) and decreases to
2 s for 8 times under-sampled images. These computation times can be still decreased by
algorithm optimisation and also by faster implementation of the same algorithm on GPUs.
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Chapter 7

Application of roadmark
reconstruction in sub-decimetric
georeferencing of ground-based
mobile mapping systems in urban
areas

This chapter presents an application of 3D roadmark database generation in urban areas:
sub-decimetric quality georeferencing of mobile mapping systems. The global idea is to use
roadmarks in order to match ground-based images acquired by MMS with calibrated aerial
images of the same area. This work is a common work with Olivier Tournaire [Tournaire,
2007].

7.1 Introduction

The pose estimation of mobile mapping systems is most of the time based on direct georef-
erencing devices such as GPS/INS [El-Sheimy, 1996; Schwarz u. a., 1993; Lapucha u. a.,
1990; Novak und Bossler, 1995]. Even though direct localising devices provide decime-
tre absolute positioning accuracy in open areas, in dense urban areas such as European
cities, GPS masks and multiple paths do corrupt the measurement quality. Even if GPS
is integrated with INS for interpolating between GPS interruptions, intrinsic drifts of INS
cumulates soon and lead to metric accuracies.

As mentioned in Chapter 1, we aim at providing an image database with sub-decimeter
georeferencing accuracy. This database is applied in 3D facade and road modelling. It can
also be used in autonomous navigation systems. Most of these systems are based on real
time extraction and matching of visual landmarks with the ones collected from an image
database that is precisely georeferenced in an off-line mode. The accuracy and reliability of
navigation will directly depend on the quality of the data acquired within the off-line mode.
So a georeferenced image database with sub-decimeter quality in whole city can provide
the reference database needed for autonomous navigation. These are the reasons why sub-
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decimetre positioning of MMS in dense urban areas is of great interest. An alternative
positioning technique for MMS is to use its own collected data as a localisation tool. The
Section 7.2 provides a brief review on such existing methods and introduces our strategy.

7.2 Previous work and strategy

7.2.1 State of art on indirect localisation of mobile mapping systems

The image acquired by mobile mapping systems have already been used to improve the rel-
ative localisation of MMS for example by determining a better relative orientation between
intra-date and inter-date images using tie points [Chaplin und Chapman, 1998; Bayoud u. a.,
2004]. Another author uses line-segments to improve relative orientation of images [Bauer
u. a., 2002]. Within the frame work of theStereopolisproject, Bentrah u. a. [2004] propose
another image-based relative positioning approach. The method is based on estimating
intra-date relative orientation within successive exposure points.

Beside the mobile mapping community, image based navigation is investigated by robotic
researchers. As explained in Section 7.1, these systems are based on real time matching be-
tween image sequences that are acquired during navigation mode with image sequences
that are georeferenced in an of�ine mode. Within this framework, some attempts have
been made for image-based georeferencing. In a stereo vision system proposed in Simond
und Rives [2004b], the authors use line-segments and interest points for computing inter-
date and intra-date homography between images. In another work presented by Royer u. a.
[2005] a mono vision system is presented. The authors aim at estimating camera pose dur-
ing vehicle motion. In order to do that, interest points are matched within images. The
camera poses are then computed by a hierarchical bundle adjustment.

These relative localisation strategies can improve local accuracy but, in absence of con-
trol points random errors pile up and provide poor absolute positioning quality.

Within Lidar-based systems Zhao und Shibasaki [2001] propose an approach for im-
proving localisation of the system. The approach consists in registering the laser points
by estimating relative transformations between the coordinate system of successive range
pro�les. In order to cope with error accumulation, conjunctive pro�les are detected auto-
matically and registration error is distributed equally between all pro�les.

In another Laser-based system proposed by Frueh und Zakhor [2001] a scan-to-scan
matching strategy is adopted to register relatively the scan pro�les in one coordinate sys-
tem. An initial absolute localisation of the system is assured by a map matching approach
using available road map. The positioning is re�ned then by matching laser pro�les with
aerial images or a DSM1.

Except the last mentioned approach, external data is seldom applied in localisation
strategies. Section 7.2.2 explains how georeferenced aerial images are applied to provide
absolute control points in the scope to perform a classical imagegrammetric triangulation

1DSM: Digital Surface Model
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on ground-based images provided byStereopolis.

7.2.2 Our global strategy

As mentioned in Section 7.2 most of the image-based localisation strategies attempt to im-
prove relative orientation between images. This is often performed by introducing tie ob-
jects (points, line-segments,etc) in bundle adjustment equations. However in absence of
control point it is impossible to handle cumulative random errors. In photogrammetry con-
trol point consists in point's coordinates that is measured with an external technique. Often
topographic operations are applied to collect them. Such techniques is used by the mo-
bile mapping system developed by Belgian GeoAutomation company [GeoAutomation].
However, topographic operations are expensive and also time-consuming. The cost and op-
eration time increase by the number of images. Classical methods are not affordable for a
large image database such as the one provided by ourStereopolissystem. This is the reason
why automation is inevitable.

Our global idea is to employ georeferenced aerial images of the same area to provide
control points for ground-based images. In order to do that roadmarks are used as matching
objects between two systems. The Figure 7.2.2 demonstrates the idea. The main interests
of roadmarks are that:

• They are available on the whole vehicle's trajectory and also visible in aerial images.

• They are constituted of contrasted pattern which simplify their matching process be-
tween two systems.

• They are less generalised when seen from different points of view and at different
scales.

• They are easy to detect from both aerial and ground-based systems.

Roadmarks are reconstructed from aerial images thanks to the work presented in [Tour-
naire, 2007]. The same roadmarks can be reconstructed from ground-based images applying
the algorithm proposed during Chapters 3, 4, 5. Aerial images being precisely georefer-
enced, matching aerial and ground-based roadmarks provide control points in ground-based
images. Indeed accuracy of such control points is limited by the accuracy of aerial im-
ages' orientation. Within the explained strategy the main problem is to match aerial and
ground-based roadmarks.

7.3 How do we match aerial and ground-based roadmarks?

As explained in Chapter 3, strategy of a matching process is adopted as a function of prim-
itive and constraints of matching. In our case roadmarks are extracted and reconstructed
in 3D from multiple aerial images and also from ground-based images provided byStere-
opolis. They are presented as a vector model. So each roadmark object is presented as
a set of 3D points and also topological information that connect the so called points by
line-segments. Concerning constraints of matching, direct positioning devices (GPS/INS)
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Figure 7.1: Absolute georeferencing ofStereopolis: Matching aerial-based and ground-
based imagery using roadmarks.

provide an initial absolute position for the ground-based roadmarks. For two minutes of
GPS signal outage, the localisation drift reaches 0:04% of distance traveled [APPLANIX].
Under this condition the localisation accuracy reaches 70cm at speed of 50km=h. The
orientation accuracy is about 0:06� for roll and pitch. Heading accuracy is about 0:03� . So
during matching process ground-based roadmarks can be displaced to 70cmand rotated to
0:06� in roll and pitch and to 0:03� in heading directions.

Lets think about matching process. Can it be a straightforward 3D graph matching using
initial position of ground-based roadmarks in relation to aerial ones? Two main obstacles
appear in using graph matching strategy:

1. Ambiguity in presence of repetitive roadmarks. Minimal distance between different
strips of zebra-crossings and also those dashed-lines is 50cm. The so called distance
is shorter than the accuracy of solution provided by GPS/INS (t 1 m). Moreover
strips are often geometrically quite similar. So vector mode do not provide suf�cient
distinguishing power to avoid mismatches. Even though performing matching pro-
cess on whole of a zebra-crossing or a dashed-line can resolve ambiguities. This is
the case if they are reconstructed completely in both of the systems. Indeed in real
urban area some strips of a zebra-crossing or a dashed-line can be occluded and so
not reconstructed from ground-based or aerial images (See Figure 7.2(a)).

2. Besides problems caused by non resolved ambiguities, use of vector models as match-
ing's primitive decrease precision of matching. Indeed errors of both aerial and
ground-based modelling processes are introduced into matching process.

Regarding these two remarks, 3D graph matching strategy can be straightforward under
condition to solve ambiguities. It can be performed by using more than one roadmark at the
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(a) (b)

Figure 7.2: (a) Ambiguity of matching. In blue aerial reconstruction of a zebra-crossing
with 4 strips. In red ground-based reconstruction of the same zebra-crossing, due to occlu-
sions only 2 strips over 4 are reconstructed. (b) Ambiguity is resolved thanks to presence of
two roadmarks. First the X translation is found using dashed-line strip, The Y translation is
then found by zebra-crossing's strips.

same time (See Figure 7.2(b)). However the precision is limited by modelling precision.

In order to provide a more robust approach image's radiometry can be applied in match-
ing process. Indeed in aerial and ground-based image spaces, road surface and roadmark
objects are not simple dark and light homogeneous regions. Thanks to high radiometric
resolution of aerial images (12 bits) the textures are visible even on roadmark objects. Fig-
ure 7.3 shows an example of aerial and ground-based images for the same zebra-crossing.
As can be seen on Figure 7.3(c) each strip of zebra-crossing is inhomogeneously textured.
The textures are also visible in the aerial images (See Figure 7.3(d)). The accordance be-
tween aerial and ground-based is specially visible by comparing radiometric variation from
strip number 1 to 8. Our adopted strategy is based on the «analyse-synthesis »principle in
computer graphics and computer vision [Gagalowicz, 1994]. The approach is based on two
main steps:

1. Extraction of roadmark's 3D textured model from ground-based images,

2. Positioning of the extracted model in relation to aerial calibrated images. It is per-
formed by moving the roadmark model in a 3D search space. For each position it
is textured with aerial images. Textures coming from aerial images are compared
to texture coming from ground-based images. The best position is the position that
maximizes the correlation score between aerial and ground-based textures.

Sections 7.4 and 7.5 present these two steps.
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(a) (b)

(c)

(d)

Figure 7.3: (a,b) Aerial and ground-based images of same zebra-crossing, (c,d) zoom on
aerial and ground-based images in hypsometric tints.
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7.4 3D textured roadmark reconstruction from ground-based
images

As explained during Chapters 3 to 5, it is possible to reconstruct roadmarks from each
stereo-pair provided by theStereopolissystem. Thanks to the work presented in [Tournaire,
2007] roadmarks are reconstructed from georeferenced aerial images. These reconstructed
roadmarks can be used to �nd stereo-pairs of interest within ground-based images. In or-
der to do that, the approximate orientations of terrestrial images provided by GPS/INS are
used. The diagram of Figure 7.6 demonstrates the interaction between aerial images in the
georeferencing process.

Our matching strategy is based on maximising correlation score between aerial and
ground-based texture of a roadmark object. Lets note that aerial-based texture is a function
of roadmark's position in relation to the so called images. So the position that maximise the
correlation score is considered as the solution. In order to simplify the correlation operation,
the 3D roadmark is presented as an ortho-image that contains the roadmark's texture and
a DSM2 that contains the 3D geometry of roadmark. The DSM is needed for generating
the ortho-image. In fact given the position of a DSM (roadmark's geometry) in relation to
an image (aerial or terrestrial) the corresponding ortho-image (roadmark's texture) can be
easily obtained by back-projection in image space.

Roadmark surface model can be easily obtained by applying a triangulation on vertexes
of the 3D roadmark extracted by ground-based reconstruction (See Figure 7.4(a)). In order
to provide realistic texture, resolution of ground-based DSM and ortho-image is selected
proportional to GSD of ground-based images (5mm). Corresponding raster DSM is gener-
ated (See Figure 7.4(b)) and used for ortho-image generation using one of the left or right
ground-based stereo-images (See Figure 7.4(c)).

(a) (b) (c)

Figure 7.4: (a) 3D surface obtained by triangulation, (b) corresponding DSM at resolution
of 5 mm, (c) the ortho-image obtained from ground-based image and the DSM at resolution
of 5 mm.

As our strategy is to compare ground-based ortho-image with ortho-image coming from
aerial images, it is necessary to compute ground-based DSM and ortho-image at the GSD of
aerial images. GSD of aerial images being about 25cmand ground-based images of about

2DSM: Digital Surface Model
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5 mmat 10m of distance from stereo-pair, there is a high difference of resolution between
aerial and ground-based images (r = 50). In order to provide reliable ortho-image and DSM
at 50 times smaller scale, pixels are integrated as in Equation 7.1. The resulting DSM and
ortho-image are shown in Figure 7.5. They are used as reference objects for which we seek
the absolute position. Supposing that absolute orientations are known for aerial images, it
is suf�cient to �nd the position of reference object in relation to aerial images.

(
DSMres:aerial

ground (i; j) = 1
r2 å

(i+ 1)r� 1
k= ir å

( j+ 1)r� 1
l= jr DSMground(k; l )

Orthores:aerial
ground (i; j) = 1

r2 å
(i+ 1)r� 1
k= ir å

( j+ 1)r� 1
l= jr Orthoground(k; l )

(7.1)

where :

DSMground : ground-based DSM

Orthoground : ground-based ortho-image

DSMres:aerial
ground : ground-based DSM at the resolution of aerial images

Orthores:aerial
ground : ground-based ortho-image at the resolution of aerial images

r :
GSDaerial

GSDground

Figure 7.5: Top: ground-based DSM and ortho-image at the resolution of 5mm, Bottom:
ground-based DSM and ortho-image after pixel integration at the resolution of 25cm.
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Figure 7.6: Our strategy for georeferencing ground-based images using calibrated aerial
images of the same area.
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7.5 Matching ground-based and aerial-based roadmarks

As explained in Section 7.4, a ground-based reference roadmark is reconstructed and pre-
sented under the form of a DSM and corresponding ortho-image. Thanks to direct geo-
referencing devices (GPS/INS) an initial absolute position and orientation of the so called
roadmark is known. As mentioned in Section 7.3 the localisation accuracy provided by
direct georeferencing method varies between 50cmto 1 m. The accuracy of rotation esti-
mation is about 0:03� in heading and 0:06� in roll and pitch directions. We are looking for
an optimised position and orientation of the so called reference roadmark in the neighbour-
hood of the initial solution with respect to the oriented aerial images. Thus for one possible
instance of roadmark's position and rotation, we simulate what the aerial images looking
this roadmark should be (See Equation 7.2). We compare then those images with the real
set of images seeing this object (See Equation 7.3).

Ik(i; j) = RI (i; j) � fIk(O(x;y;z)) (7.2)

where :

Ik : an aerial image within the set.

O : the roadmark object.

RI : the point spread function.

fIk : the image function model.

(i; j) : coordinates in image space.

(x;y;z) : coordinates in object space.

The transformation we are looking for is composed of 3 translations(x;y;z) and 3 rotations.
In order to cut down the complexity of the problem, the rotation is estimated in the pre-
processing. It is performed using 3D line-segments coming from both ground-based and
aerial-based reconstruction. The mean orientation of each line-segment set is computed.
Then the rotation between these two mean orientations is estimated and applied to ground-
based roadmark. The rotation being corrected, the problem is simpli�ed to a 3D translation
(dx;dy;dz) estimation. To conclude, the translation is estimated by Equation 7.3.

argmin
(dx;dy;dz)

kIk(i; j) � RI (i; j) � fIk(O(x+ dx;y+ dy;z+ dz))k (7.3)

where :

(dx;dy;dz) : translations

O(x+ dx;y+ dy;z+ dz) : the translated roadmark object

In practice the distance minimization proposed in Equation 7.3 is performed by maximis-
ing a correlation score between ground-based ortho-image and multiple aerial-based ortho-
image. This operation consists in:

1. Displacing the roadmark in 3D space around the initial solution.
The ground-based DSM represents the roadmark's geometry. So the displacement of
roadmark is performed by translating the DSM with a selected step in each of x, y
and z directions. Step is arbitrary �xed to 2cm. During displacement, correspond-
ing ground-based ortho-image is not modi�ed but, since the position of roadmark
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with respect to aerial images changes, new aerial-based ortho-image are computed
for each translation. The Figure 7.7 demonstrates aerial-based ortho-image generated
at different offsets from one aerial image. The reader is invited to give attention to
difference between ortho-images that is due to applied offset.

Figure 7.7: One aerial image resampled in geometry of ortho-image for different offsets
(dx;dy;dz)

2. Computing correlation score between ground-based and multiple aerial-based ortho-
image.
For each offset the ground-based ortho-image is correlated to aerial-based ones and a
correlation score is registered.

Score(dx;dy;dy) =
n

å
k= 1

Cov(P;Mk(dx;dy;dz)) (7.4)

Mk(dx;dy;dz) = gIk( fIk(S(x+ dx;y+ dy;z+ dz)))

where :

Cov: the normalised covariance

P : ground-based ortho-image at the resolution of aerial images

Mk : aerial-based ortho-image which is re-sampled from imageIk
S(x+ dx;y+ dy;z+ dz) : 3D roadmark's surface translated by(dx;dy;dz)

fIk : the photogrammetric model of imageIk
gIk : the fonction that gives the grey-levels of imageIk (7.5)

The computation of this correlation score over the 3D search space provides a hyper-
surface of correlation. The optimum position of the ground-based roadmark in rela-
tion to aerial images occurs at the maximum of this correlation hypersurface. Figure
7.8 shows this correlation surface atdz= 0.
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Figure 7.8: Correlation surface atZ = 0 on simulated data.

As it can be seen on this �gure, the resulting correlation surface is continuous and con-
stituted of periodic peaks. This is due to periodic dark-to-light and light-to-dark pattern
of zebra-crossing. Indeed, negative peaks are due to correlation of dark objects with light
ones and vice versa. Despite this periodicity, we have no problem of matching ambiguities
because the correlation score of the good match is signi�cantly higher than other periodic
peaks. This is due to two discriminant properties of strips:

• Texture: as demonstrated in the Figure 7.3 strips are not homogeneous light objects
and texture varies from one strip to other.

• Geometry: all strips are modelled by quasi-parallelogram. However their shapes and
size can slightly vary between different strips of a zebra-crossing.

In practice, the minimization of Equation 7.3 is performed without taking into account the
point spread function (I ). This is correct if and only if the point spread function is symmet-
rical. If not it must be introduced as unknown in the minimization. It increases signi�cantly
complexity of the problem. It can be also estimated in laboratory and introduced in the
computation.

We have shown our registering methodology on zebra-crossing objects. Of course, it
can be generalised to all other roadmarks such as dashed-lines, arrows, etc.

7.6 Interest of the matched roadmarks in absolute georeferenc-
ing

We have determined adjusted 3D coordinates of the zebra-crossing object in an absolute co-
ordinate system. These coordinates can be used as control points in ground-based images.
These control points together with tie points that can be estimated by existing methods such
as those mentioned in Section 7.2.1 can be injected into a global bundle adjustment. This
can improve considerably the localisation provided by direct methods such as GPS/INS.
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7.7 Conclusion

In this chapter we presented a novel concept and method mixing aerial and ground-based
imagery, to achieve what we call GCO-base georeferencing (for Ground Control Objects).
The method is tested on a zebra-crossing, but it is quite generic and can be easily extended
to use other roadmarks. It is a necessary task for densifying the distribution of GCO. To
conclude, in order to provide a complete system of image-based georeferencing, the three
following subjects remain to be studied:

1. Application of the registering algorithm to other roadmarks such as arrows, dashed-
lines, etc.

2. Tie point generation using algorithms such as those mentioned in Section 7.2.1.

3. Integrating control points and tie points in a global Bundle adjustment.

This approach enables mobile mapping systems to overcome the inef�ciencies of direct
georeferencing methods (masks and multi-path of GPS signals) in urban areas and to reach
sub-decimeter positioning accuracies.
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Chapter 8

Conclusion and perspectives

Ground-based 3D reconstruction of urban areas is a complex problem. This thesis has
attempted in contributing in automatic road feature reconstruction. High resolution stereo-
pairs provided by a ground-based mobile mapping system (MMS) are used as data source.
We focused particularly on reconstruction of roadmarks because on the one hand they pro-
vide useful information about road's structure, on the other hand they are applied in absolute
georeferencing of the MMS by matching ground-based and aerial calibrated images. This
Chapter summarises our contributions and proposes some perspectives for future researches.

8.1 Our contributions

8.1.1 3D Roadmark reconstruction algorithm

As indicated in state of art, most of the efforts for road extraction from ground-based images
have gone into 2D detection in image space and 3D geometry is obtained by supposing a
planar road surface. The methods providing 3D geometry without planar road hypothesis
suppose often linear models such as line-segment and curves for roadmarks. Our recon-
struction algorithm provides a 3D polygonal model for each individual roadmark object
without any planar road hypothesis. Two case of zebra-crossing and dashed-lines are stud-
ied.

The algorithm begins with linked-edge matching in a stereo context. It consists in a
dynamic programming optimisation along conjugatedepipolar lines. Search space and
similarity measure are adapted to match the edges belonging to an area around road surface.
A �gural continuity constraint is introduced in the optimisation to ensure continuous chains.
Finally a subpixel matching quality is provided. Search space and similarity measures are
voluntarily constrained to ensure suf�cient matching quality for edges that are around road
surface which reduce considerably the generality of edge matching algorithm.

Both zebra-crossing and dashed-line detection algorithms use the results of matching
step. The main dif�culty of detection algorithm is to cope with noises due to local texture
and fragmentation of linked-edges. For this purpose a 2D signature-based algorithm has
been adopted. Some basic signature recognition tools have been developed. In term of
order and parameters, each of the detection algorithms use the basic tools differently. The
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detection algorithm provides a set of 3D line-segment as candidates of zebra-crossing and
dashed-line strips.

The last step consists in rejecting or accepting and providing a polygonal model for each
candidate. A quasi-parallelogram shape is adopted as model. A perceptual grouping method
together with a line-segment grouping algorithm are used to provide a polygonal shape from
line-segments. The presented 2D line-segment grouping algorithm is quite generic and can
be used in other applications.

The completeness and geometric accuracy of results provided by both zebra-crossing
and dashed-line reconstruction algorithms have been evaluated on a large set of real images
and revealed their robustness and accuracy. In term of geometric accuracy, the algorithm
reaches standard deviation of 4cm. The detection rate is higher than 85% in image space.
However, each strip being seen in more than one stereo-pair, the fusion of results in object
space should provide a detection rate higher than 90%. An interpolation between recon-
structed strips may allow to reconstruct missed strips and reach higher detection rates.

Both algorithms are relatively rapid. They take about 90s for full resolution images
(4096� 9046 pixels). This time is reduced to 1:4 s for under-sampled images of size
512� 512 pixels. More than 40% of computation time goes into the Canny-Deriche edge
extraction. This portion of time can be reduced by using faster implementations of the same
algorithm. Faster edge detection algorithms may also be used instead of Canny-Deriche
algorithm. In this case it is very important to study the in�uence of edge quality on the
completeness and geometric accuracy of results.

8.1.2 Sub-decimeter absolute georeferencing of MMS

The reconstructed roadmarks are applied in absolute georeferencing of the mobile mapping
system. This is performed by matching ground-based and calibrated aerial images by using
roadmarks as matching features. The matched roadmarks are considered as Ground Con-
trol Objects (GCO) that can integrate a Bundle adjustment in order to provide an absolute
positioning for ground-based images. Thanks to completeness and high accuracy of ground-
based reconstruction, this matching process can provide well distributed and also accurate
GCOs. The ef�ciency of the algorithm is demonstrated on a zebra-crossing. However it
is completely generic and can be performed using other roadmarks. We have shown the
validity of the approach on one example of roadmark. More evaluations must be performed
to validate the robustness of the method to occlusions, illumination conditions, etc.

8.2 Some perspectives

We developed two algorithms for reconstruction of zebra-crossing and dashed-lines from
calibrated stereo-images. These two roadmark objects are particularly interesting because
they provide useful information about the number, width and also intersection of lanes.
However, it is important to think about a global strategy of roadmark reconstruction. This
global strategy should deal with:
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• Reconstruction of more complex roadmarks,

• Geometric and topological relation between roadmark classes,

• Multi-stereo-images as input data,

• Reduction of computation time.

In this scope, we give global outlines of a method for recognition and reconstruction
of more complex roadmarks. Then, this method together with those for dashed-lines and
zebra-crossing reconstruction are integrated in a multi expert system. A very interesting ap-
plication of a multi expert system is presented by Giraudon u. a. [1992] for interpretation of
aerial images by extracting buildings, roads and natural features. We use a similar scheme
for extracting different classes of roadmarks.

Our global strategy of roadmark reconstruction from multi-stereo-images is depicted in
Figure 8.1. It is composed of two main steps:

1. Pre-processing,

2. Multi expert system for roadmark reconstruction.

Inputs of algorithm consist in a set of stereo-images and also the manual of roadmark con-
struction. The output is a 3D roadmark GIS. Section 8.2.1 explains the pre-processing step
and Section 8.2.1 introduce the adopted multi expert system. Let us stress that these two
components are not still implemented and the presented �gures (8.2– 8.5) are just for illus-
tration purposes.

8.2.1 Pre-processing

The goal of this step is to reduce the search space and computation time. It provides suitable
candidates for each class of roadmark object.

Top hat �lter: The interest of this �lter is in reduction of illumination variation in image
space. It is widely used for this purpose in much research and has proved to be effective Yu
u. a. [1992]; Kim u. a. [2006]. A top hat �lter is a morphological operator used for extracting
the pixels that have higher intensity than that of their neighbours in a given distance. This
is the reason why it is particularly interesting in extraction of white roadmarks on dark
background of road pavement. Is is based on subtracting an opened image from the initial
gray scale image. The size of structuring element of opening operator must be just larger
than largest roadmark object in image space. This parameter is regulated by using the given
size of roadmark from construction manual.

After applying a top hat �lter the bright roadmarks pixels have a much higher value than
dark asphalt regions. Even, a suf�ciently low threshold is ef�cient for image binearization.
Otherwise a threshold can be selected by histogram analysis [Sahoo u. a., 1992]. Figure 8.2
shows a binarized image obtained by applying this method.
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Figure 8.1: Proposed strategy for complete 3D roadmark database generation.

Region extraction: Top hat �lter followed by thresholding provide a binarized image in
which most of the roadmark pixels are white. An easy way to extract roadmark objects is to
segment connected pixels and provide independent regions. Each region can be a putative
candidate of roadmark object.

Region classi�cation: The goal of this step is to classify each region that is extracted
by the above method to a roadmark class or to non-roadmark class if the region correspond
to any class. For this purpose, the roadmark construction manual is used. On the one
hand, shape and size of roadmarks are known, on the other hand perspective deformation is
reduced by recti�cation and scale of objects are known suf�ciently enough to compare ex-
tracted regions with theoretical models. Figure 8.4 depicts theoretical model corresponding
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(a)

(b)

Figure 8.2: a) An original recti�ed image. b) resulting binearized image by applying top
hat �lter and thresholding.

Figure 8.3: Extracted binary regions – each region is presented in its principal direction

to the extracted regions of Figure 8.3.
In order to classify each extracted region, it can be correlated with the theoretical model

of all roadmark objects. For this purpose, the extracted region is resampled in a way that its
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Figure 8.4: According to [Transport Ministry and Interior Ministry, 1988]: Theoretical
models of extracted regions of Figure 8.3.

principal axis (often road axis) joins theY axis of image. Then the correlation coef�cient is
computed in a bounding box of the extracted region in the resampled image. This operation
is performed with all theoretical roadmark objects. The maximum coef�cient is accepted if
it is larger than a threshold (for example higher than 90%). The region is classi�ed in the
class corresponding to maximal coef�cient.

Correlation is computationally costing when the number of theoretical objects increases.
In order to cope with this problem, a signature based recognition can be interesting. Sig-
nature are computed using extracted region in their resampled geometry. For this purpose
number of pixels are accumulated in image'sX andY axes. Figure 8.5 depicts signatures of
the above regions.

These signatures seems to be suf�ciently discriminatory for recognition of roadmark
class. Theoretical signatures can be computed in an off-line mode. The signature of an
extracted region is compared with signature of all roadmark classes. A class is accepted if
corresponding similarity measure is higher than a threshold (for example higher than 90%).
If more than one class are accepted, correlation coef�cient are computed and determine the
good match.

8.2.2 Multi expert system

Disposing one expert algorithm per roadmark class, each candidate provided by the pre-
processing step may be introduced in corresponding expert algorithm for �nal reconstruc-
tion. However, high information intensity in images of urban areas does not allow non-
hierarchical reconstruction. In fact, all roadmark classes do not provide same quantity of
information. For example, it seems important to begin with reconstruction of dashed-lines
and then look for arrows within lanes that are determined by dashed-lines. Another good
idea is to reconstruct �rst zebra-crossings and remove the corresponding image area from
search space in reconstruction of other roadmarks. Indeed zebra-crossing is a large and
particular object so its reconstruction is more reliable than small roadmarks.
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Figure 8.5: Signature of extracted regions of Figure 8.3 inX andY axis.

This is the reason why a global strategy is needed to supervise the distribution of recon-
struction tasks. This strategy must deal with:

• Ordering reconstruction of classes.

• Validating reconstructed objects by taking into account topological relation between
extracted objects.

• Administering con�icts of reconstruction.

• Guiding search area by using topological relation between roadmark classes.

Our adopted strategy consists in three following components:

1. Supervisor:It administrates execution of expert algorithms. It de�nes search area and
parameters of each execution by consulting two other components.

2. 3D localisation control:It controls the geometric and topological relations between
objects.

3. 3D scene control:It registers extracted objects in a GIS and deal with con�icts.

Supervisor: The importance of the supervisor is in ordering the extractions. It means
that it reconstructs �rst structuring elements such as zebra-crossing and dashed-lines. The
interest is in limiting search space for extraction of other roadmarks (explained in next
paragraph). Another functionality that can be interesting in multi stereo-image scenario is
that before calling an expert algorithm for reconstruction of a hypothetical object, supervisor
can send a query to 3D scene control to see if object is already extracted from previous
stereo-images or not. If the hypothesis is already extracted it can be used in a validation
mode to increase the certainty of object.
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3D localisation control: This component controls the geometric and topologic relation
between objects. Its main functionality is to de�ne pertinent search spaces for each recon-
struction query. For this purpose the objects that are already extracted are used to de�ne
search space for new objects. The access to extracted objects in 3D scene control com-
ponent pass with intermediate of supervisor component. For example it can propose to
search for arrows in the region between two consecutive dashed-lines (within a lane). In
this manner search space is limited automatically as a function of searched object.

3D scene control: This component register geometric and topological information of ex-
tracted objects in a GIS. It deals with con�ict of reconstruction such as two different objects
at the same 3D position, etc. This component is justi�ed by two complementary activity:

1. In the same way that an expert algorithm can specify if an abject exist is a position or
not, 3D scene control can answer this query by looking in the objects that are already
extracted. Such information can be requested in order to increase the plausibility of a
hypothesis. This is particularly interesting in multi stereo-image scenario because on
object can be seen in more than one stereo-image. In this manner objects extracted in
stereo-imagei help to con�rm reconstruction of objects in stereo-imagei + 1.

2. 3D scene control allows to preserve coherence of 3D scene at each addition of new
object. This is important for fusion of extracted objects coming from multi stereo-
images.

8.3 Conclusion

We have presented an algorithm for 3D roadmark reconstruction from ground-based im-
ages. The evaluations revealed the validity of the method from correctness and accuracy
points of view. We have also presented a solution for georeferencing the mobile mapping
systems when direct localisation methods (GPS/INS) do not provide suf�cient accuracy. We
believe that the presented work can be integrated into a global strategy such as the multi ex-
pert system presented in this chapter and constitute an operational roadmark reconstruction
system.
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Appendix A

Evaluation results

Table A.1 presents the 3D geometric accuracy measures on each strip. High errors are
presented in red color. Corresponding reconstructions are illustrated in Figures A.1–A.4.

Table A.1: 3D geometric accuracy for each strip. Corresponding stereo-pairs are presented
in Figures A.1–A.4. High errors are presented by red color

Stereopair's Strip's Distance ŝC ŝT ŝd ˆsW ŝS

number number in m in mm
71 1 7.0 20 10 4 1 7
71 2 7.2 13 7 1 14 18
71 3 7.5 18 9 6 15 20
71 4 7.9 41 10 12 10 44
71 5 8.5 59 11 22
94 0 7.2 26 7 12 9 31
94 1 7.0 38 2 15 8 43
94 2 7.0 42 6 18 5 38
94 3 7.1 46 4 20
95 0 12.5 25 6 5 11 18
95 1 12.3 31 3 11 7 46
95 2 12.2 46 7 19 17 42
95 3 12.2 48 13 42 9 48
95 4 12.2 19 33 14 33 19
95 5 12.4 20 13 15
115 0 11.0 39 6 35 7 8
115 1 11.0 11 3 7 5 43
115 2 11.1 58 14 29
115 4 11.6 54 17 18
117 0 9.4 12 5 0
117 2 9.5 8 21 3
153 1 7.9 37 22 28

Continued on next page
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Table A.1 – continued from previous page
Stereopair's Strip's Distance ŝC ŝT ŝd ˆsW ŝS

number number in m in mm
153 3 8.2 46 6 24 7 28
153 4 8.5 28 11 8
157 0 6.5 24 6 8 5 36
157 1 6.5 24 6 14 8 16
157 2 6.6 31 10 17 2 32
157 3 7.0 22 10 3
158 0 11.9 21 7 11 4 42
158 1 11.9 31 7 12 6 31
158 2 12.0 37 10 23 3 46
158 3 12.1 27 11 3 7 12
158 4 12.4 14 13 0
164 1 6.2 25 17 5 14 24
164 2 6.2 3 2 7
165 0 12.5 31 6 20 1 44
165 1 12.8 42 2 24 6 6
165 2 13.3 24 11 4 12 20
165 3 13.7 6 6 2
166 0 17.0 4 6 4 3 8
166 1 17.2 39 3 5
166 3 17.8 12 11 5 13 9
166 4 18.1 13 17 8 2 10
166 5 18.6 13 15 6 7 10
166 6 19.1 13 17 18 11 40
166 7 19.6 50 26 32 11 18
166 8 20.2 30 28 29
236 1 5.9 10 4 3 1 16
236 2 6.3 10 7 6 11 31
236 3 6.8 21 19 4 17 11
236 4 7.5 23 17 4 4 10
236 5 8.3 17 8 4
244 0 13.7 217 35 72 28 186
244 1 14.2 136 11 72 21 126
244 2 14.7 119 25 46 12 181
244 3 15.2 162 34 72 29 151
244 4 15.9 198 40 80 37 176
244 5 16.7 180 28 80
246 0 13.7 174 24 66 29 155
246 1 14.2 133 11 69 25 137
246 2 14.7 139 18 73
247 0 13.7 180 25 68 29 155

Continued on next page
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Table A.1 – continued from previous page
Stereopair's Strip's Distance ŝC ŝT ŝd ˆsW ŝS

number number in m in mm
247 1 14.2 132 10 71 20 131
247 2 14.7 123 23 50 10 173
247 3 15.2 147 33 65 29 135
247 4 15.9 193 37 82 34 172
247 5 16.7 168 29 72
249 0 14.3 201 29 76 35 168
249 1 14.7 145 16 75 24 144
249 2 15.3 144 28 59 6 209
249 3 15.7 167 42 68 38 170
249 4 16.5 228 49 87 37 202
249 5 17.2 206 31 93
250 0 16.4 168 25 62 26 172
250 1 16.9 185 26 69 19 109
250 2 17.3 85 46 3 10 186
250 3 17.7 132 41 52 39 124
250 4 18.5 198 38 83 40 172
250 5 19.2 158 36 61
252 1 6.6 23 10 8 1 16
252 2 6.9 19 3 8 12 26
252 3 7.4 43 18 18 25 24
252 4 7.9 13 11 0
253 1 10.5 56 12 18 7 6
253 2 10.8 31 8 11 18 22
253 3 11.1 33 16 3 20 28
253 4 11.6 62 14 20 15 65
253 5 12.1 82 13 34
314 0 6.7 57 6 33 6 47
314 1 6.5 34 8 22 4 25
314 2 6.6 24 7 15
315 0 8.3 54 4 32
315 2 8.1 32 7 20 12 28
315 3 8.2 17 5 2
316 0 8.3 5 6 5 8 1
316 1 8.2 12 6 5 6 17
316 2 8.1 21 7 8 8 26
316 3 8.2 40 1 26
317 0 10.2 88 8 50
317 1 10.0 79 13 46 5 66
317 2 9.9 60 8 34
319 0 10.1 70 7 39 7 67

Continued on next page
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Table A.1 – continued from previous page
Stereopair's Strip's Distance ŝC ŝT ŝd ˆsW ŝS

number number in m in mm
319 1 9.9 50 11 32 3 40
319 2 9.9 37 9 25 12 31
319 3 9.9 22 6 4
320 0 10.1 66 7 38 8 64
320 1 9.9 50 10 31 2 53
320 2 9.8 49 20 36 8 29
320 3 9.9 15 7 2
321 0 10.1 85 9 48 8 79
321 1 9.9 65 12 40 4 53
321 2 9.9 54 8 32 14 51
321 3 9.9 37 7 12 21 61
321 4 10.1 109 31 49
322 0 10.9 66 10 39 9 58
322 1 10.7 46 11 30 3 39
322 2 10.6 38 9 27 12 29
322 3 10.7 18 5 0
676 1 6.4 145 20 60 5 128
676 2 6.7 120 16 55 13 127
676 3 7.2 135 8 60 5 126
676 4 7.9 123 9 57
677 1 10.7 220 26 108 18 232
677 2 10.8 253 20 117 22 230
677 3 11.1 216 19 104 26 227
677 4 11.5 243 18 107 8 229
677 5 12.1 220 15 102 27 220
677 6 12.8 218 26 99 19 222
677 7 13.5 237 34 104
677 9 15.4 260 29 116
678 1 15.2 390 28 182 36 357
678 2 15.6 337 32 155 36 354
678 3 16.0 359 21 167 8 322
678 4 16.5 318 26 144 39 316
678 5 17.1 295 26 142 28 293
678 6 17.9 320 30 152
678 8 19.5 293 17 146 28 272
678 9 20.4 317 71 109
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(a) Stereopair number 71 (b) Stereopair number 253

(c) Stereopair number 115 (d) Stereopair number 117

(e) Stereopair number 153 (f) Stereopair number 157

(g) Stereopair number 158 (h) Stereopair number 164

(i) Stereopair number 165 (j) Stereopair number 166

(k) Stereopair number 252

Figure A.1: Re-projection of reconstructed zebra-crossing in stereo images.
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(a) Stereopair number 94 (b) Stereopair number 95

(c) Stereopair number 314 (d) Stereopair number 315

(e) Stereopair number 316 (f) Stereopair number 317

(g) Stereopair number 319 (h) Stereopair number 320

(i) Stereopair number 321 (j) Stereopair number 322

Figure A.2: Re-projection of reconstructed zebra-crossing in stereo images.
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(a) Stereopair number 236 (b) Stereopair number 244

(c) Stereopair number 246 (d) Stereopair number 247

(e) Stereopair number 249 (f) Stereopair number 250

Figure A.3: Re-projection of reconstructed zebra-crossing in stereo images.

(a) Stereopair number 676 (b) Stereopair number 677

(c) Stereopair number 678

Figure A.4: Re-projection of reconstructed zebra-crossing in stereo images.
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