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Abstract

ABSTRACT

The work described in this thesis 1is concerned with the 3D
interpretation of monocular images. First, the perspective
transformation is interpreted iIn an image which enables the extraction
of 3D information. Then, connectivity in the image is utilized in order
to infer 3D groupings in the scene. The result of the process is 3D
structures, leading to local 3D maps, the scales of which are unknown.
The processing of several images from unknown viewpoints allows the
relative scales of the various maps to be known. Thus, an unsealed but
consistent 3D map is extracted. This map has a 3D symbolic

representation and may be integrated in a CAD database.

A probabilistic approach is used for interpreting the image. First,
two types of error are defined : errors due to the measurement
uncertainty and errors due to accidents such as the proximity of
unrelated features, called segmentation errors. Because of measurement
errors, relations are not exactly fulfilled. Accounting for such errors
is responsible for segmentation errors, and thereby unreliability of the
process. The best trade-off for checking these relations is based on the
maximum likelihood test. In order to determine this test, a precise
statistical model of the data is defined. Moreover, accounting for
measurement uncertainty leads to an original process for detecting the

vanishing points in the iImage in a consistent way over the space.

Another central theme of this work is the 3D representation adopted
for the structures extracted from the image. The intrinsic parameters of
these structures are viewpoint and scale invariant and the geometric
relationships and the degree of freedom of these structures are implicit
in such a representation. This considerably eases the construction of

the 3D structures, and then of the local and global maps.

The method is illustrated by the processing of images of indoor
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scenes of a power plant.
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Chapter 1

CHAPTER 1

INTRODUCTION

Context

Guidance of a vehicle in any environment 1iIs a key issue in
robotics. A number of methods have been developed, ranging from
previous training of the vehicle to the use of exteroceptive sensors

as elaborate as vision.

Previous training whereby the vehicle is meant to repeat the same
displacements, 1is a method widely used in an undisturbed environment.
Although performance 1is increased by the use of sensors such as an
odometer, a range finder, a tactile sensor which provides information
about the vehicle orientation and free space or obstacles surrounding

the vehicle, the range of mission remains limited.

Vision is a natural step forward to obtain a higher degree of
autonomy for a wider range of mission. It would provide a precise
description of the scene and thereby the relative position of the
vehicle within it. It is a very flexible tool which does not require
any conversion of the environment and may be used to perform other

tasks (e.g- Inspection,repairs).

The principal difficulty of any method involving exteroceptive
sensors is the interpretation of the data, as information contained in
each datum, qualified "of low level™, is extremely poor. The physical
process of 1image formation 1is well known, but the interpretation
process leading to a semantic description of the scene involves very
complicated mechanisms not yet fully understood. An elaborated vision
system would aim at providing such a "high level” description of the

scene, which, up to now, 1is not possible without much prior knowledge
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of the scene.

Existing methods extract information from the image at an
"intermediate level”, such as edges, straight lines, geometric
patterns. If a model of the projections of an object onto theimage
plane under a number of viewpoints, i.e. a model of the aspects of an
object, 1is provided, then a matching strategy allows the object to be
recognized in the image. Although this may be used to locate an object
or conversely the camera (and therefore the vehicle in the scene),
this does not yet deal with generic objects. Other methods use several
images to extract a coarse 3D map of the scene, that iIs to say a set

of points, segments or curves located in the 3D space.

Whatever the method, much remains to do to increasethe level of
the 1image Iinterpretation. Monocular vision cannot allow complete 3D
interpretation without additional information which may be provided by
other sensors such as a laser range finder, multiple images (stereo
vision or motion) or a model of the scene (either heuristic or
semantic). However, before choosing the most appropriate method it is
useful to know the Ulimits of the interpretation of one image.
Anthropomorphic considerations suggest that it is possible to extract
qualitative 3D information from a single 1image by using general
knowledge of the scene (e.g- it is generally possible to recognize a
scene from 1its photograph). The general knowledge involved depends
very much on the type of the scene. In the case of man-made scenes,

such as indoor scenes, knowledge about the regularity of expected

shapes, occurrence of some geometrical relationships can be used.

AlIm

The main purpose of this thesis is the analysis and interpretation
of the information contained in a single image in the 3D space, at the
highest level possible, by using general knowledge of the scene. The
work is concerned with indoor scenes which can often be represented by

a limited number of 3D regular (geometric primitives (e.g-
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parallelepipeds, cylinders) with privileged directions. The boundaries
provide numerous straight lines which are likely to be parallel or
perpendicular. For instance, a room has three principal directions

- one vertical and two horizontal ones defined by the directions of
the room walls. In the present work, heuristic information is used in
the form of hypotheses tested on the image primitives, such as '"three
concurrent lines in the image are likely to be parallel in the scene",

in a way similar to Lowe’s method for perceptual groupings. Hence a

local geometric interpretation of the scene is inferred.

The method described in the next chapters consists of two main
parts, first the interpretation of the image perspective and second

the construction of local 3D configurations.

Perspective interpretation

The 1image is first segmented and then edges are approximated by
straight Uline segments or elliptical arcs. Finally the scene is
hypothesized to contain at least two principal perpendicular
directions with which a number of lines iIn the scene may be
associated. These directions are detected through the interpretation

of the perspective of the image which is done in three stages

- Vanishing point detection
- Line direction classification

- Perpendicular directions

The detection of the vanishing points 1is achieved by using an
original accumulator space (using the Hough paradigm), with a total
consistency whatever their location in the image plane. Eachline is
then classified with a vanishing point, by using a Bayesian approach.
Perpendicularity criterion between directions Ffixes principal

directions.
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Construction of local 3D configurations

Only lines associated with a principal direction have been
considered in what follows. Since their orientation is known, they can
be represented in the 3D space. They are grouped to form significant
structures. For instance, close parallel lines form a linear structure
then perpendicular linear structures form rectangular structures and
corners. These structures are represented in the 3D space relative to
the camera coordinate system. In fact, at this stage the situation Iis
similar to the 2i/2 D sketch introduced by Marr (Marr, 1982) as the
distance of the structures from the camera is unknown, 1i.e. the scale
of the representation is unknown. Then the adjacent structures are
grouped by using a connectivity criterion in order to form local 3D
configurations, the substructures of which have consistent relative
depths, 1i.e. only the global scale is unknown (They are called ™"3D"
because of their representation, with no reference to their actual
dimension). The structures are hierarchically organized by increasing

complexity.

Uncertainty and scoring process

Robustness is clearly a major concern in any system responsible for
vehicle guidance and depends on its response to noise. The presence of
noise which results in uncertainty of measurement needs to be taken
into account throughout the process. Uncertainty plays a key part in
the method described iIn this thesis. Errors of measurement are
hypothesized to be normal random variables and accordingly any result
of the iInterpretation process 1is also a vrandom variable. The
hypotheses are tested by applying the Ilikelihood concept, and a

Bayesian method is used for the scoring process.

One difficulty of the Bayesian approach is the estimation of prior
probabilities. This 1is done by using a statistical model of the
features iIn the image, justified by experiment. It is shown that from

this model, it is possible to define a likelihood ratio test for a
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given relationship, e.g. parallelism or connectivity. This test Iis
proved to be more reliable than other popular tests, such as the

Mahalanobis distance test or the neighbourhood test.

3D Représentation

The construction of the '"3D configurations” described previously
aims at demonstrating that the use of 3D representation from an early
stage 1is powerful. The geometric relationships, such as viewpoint
invariant geometric properties, are shown to be implicit in this
representation, so 1is the degree of freedom of the structures

extracted.

Application

In order to illustrate the possibilities of the method described,
it is applied to the construction of 3D maps of the scene using
several images grabbed by the camera during the movement of the
vehicle. It is shown that two images allow the determination of the
relative scale and location of the structures, without requiring any
information about the relative positions of the camera. The merging
process of several maps is simplified by the representation of the
local configurations in the 3D space. Notice that the general scale of
the map remains unknown. The software developed is called TIMI (Three
Dimensional Interpretation of Monocular Images). The representation of
the scene extracted by TIMI is consistent with some CAD
representations (e.g- ROBCAD’s representation). Matching with two CAD
databases using a different representation is discussed, although the

matching process is beyond the scope of this thesis.

Industrial application

The general context of this work 1is the inspection of nuclear
plants of Electricité de France (EDF) by autonomous vehicles. Up to
now remote controlled vehicles are used, but this requires skilled

staff and limits the set of possible tasks. The environment is known,
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but it may be subject to some variations. It is specific : numerous
lines and cylinders (e.g- pipes, tanks). In hostile environments,
robustness obviously is a key point. A CAD database of these plants
may exist. The aim of the project is to match the image grabbed by a
camera with a possible viewpoint in the CAD database, in order to
locate the vehicle in the database coordinate system. But the CAD
database has been designed for purposes other than vehicle guidance by
vision. Therefore the database has to be transformed and enhanced to
be used for such an application. The work done should demonstrate the
possibilities of monocular vision for guidance with respect to a CAD
database. It should also determine what type of additional information

would be the most useful to improve robustness.
Organization of the thesis

Chapter 2 analyzes the overall characteristics of similar existing
systems: type of scene processed, method chosen, type of

representation used.

The context of this work, the problem to be solved and the general
principles of the method are described in chapter 3. A unified
approach is used throughout this work for testing a relationship
hypothesized between 2 fTeatures by wusing a maximum likelihood

approach. It is also described in this chapter.

Chapter 4 1is concerned with the preprocessing of the image, edge
detection and line finder algorithms. A section is concerned with the
modelling of the measurement uncertainty and the statistical
distribution of the feature parameters extracted from the image.

Determining the camera parameters is also discussed in this chapter.

Chapter 5 describes the vanishing point detection method and the
line classification. This method is tested on a set of 1images of

indoor scenes of power plants.

Chapter 6 describes the construction of the local 3D configuration.
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After the method description, results on various images are provided

and discussed.

The application of the method to map construction from several
views 1s described in chapter 7. The representation used is compared
with the representation of the data of two existing CAD softwares,
ROBCAD and PDMS. It is converted into ROBCAD’s representation.

The method 1is discussed In chapter 8. Its major advantages and

drawbacks are pointed out.
The method sometimes requires fastidious mathematical developments

which are described iIn the annexes. Some of them are original, others

are not but are given for clarity and completeness.

- page 27 -



Introduction

- page 28



Chapter 2

CHAPTER 2

SURVEY

The following survey aims at providing an analysis of the
difficulties and constraints encountered when designing a vision
system, based on previous work achieved iIn this field. Rather than
describing consecutively the existing systems, we had better centre

the discussion around principal thema of vision.

For interpreting a photograph, a human extracts meaningful
information from the image and compares it to similar information
obtained from past experience. What information has been extracted and
in which form it has been stored are generally unknown; this is a
fundamental problem for artificial vision. The following
sections are organized around the nature and the representation of the
information used by a vision system. There are various types of
knowledge which may be used for interpreting an image, they have been
classified as follows : knowledge about the type of scene and the
conditions of image acquisition, called general knowledge ; precise
knowledge about the objects present in the scene, 1i.e. knowledge of a
model. An 1image interpretation process may be roughly schematized in

the following way :

- general information is represented within the process
(geometric reasoning, properties exploited and various
approximations).

- model information and data extracted from the image are the
input of the process through which they are interpreted and

compared.
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21 Aims and difficulties of a vision system

Field of application

Two Ulinked problems in robotics vision have been the subject of

much research. These are :

- To find the location of unattached objects in world coordinates,
when the location of the camera 1is known by a previous
calibration.

- To find the Ilocation of the camera (i.e. of the robot) by

reference to fixed objects.

They may be formalized as in figure 2.1.1 :

model i1 coordinates ---—--————- > world coordinates

Image coordinates

Tm : transformation from the model coordinates to the world coordinates
T : transformation from the model coordinates to the image coordinates
Ti : transformation from the world coordinates to the image coordinates

Two types of problem: * Ti known, Tm is searched for
* Tm known, Ti is searched for

Solution: to look for T
Figure 2.1.1 : Object location or viewpoint determination

Although both problems : object location and viewpoint
determination, can be formalized in the same way, they present
different difficulties, because the types of scenes involved are very
different (see section 2.2). It is well known that the conception of a

vision system depends very much on the field of application.

Figure 2.1.2 classifies some well-known operational systems with
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their main field of application. The same systems have been used later

in figure 2.3.1.

Up to now, these systems mainly deal with recognition and location
of unattached objects (RAF, Grimson and Lozano-Perez 1984). Albeit
potentially more general, ACRONYM (Brook, 1984) and SCERPO (Lowe,
1985) have only been demonstrated on recognition of such objects. The
field of application of these systems includes automatic inspection
(3DPO  (Bolles and Horaud, 1986), HYPER 2D (Ayache,1985); CAIMAN
(Lux,1985)).

However, over the last few years more general scene understanding
systems have been developed, particularly for vehicle guidance. Stereo
or motion based vision methods allow the extraction of 3D information
and thereby have been quite popular (Ayache, 1988; Pollard et al,
1989; Brown, 1989; Crowley and Stelmaszyk, 1990). Recent research has
been to explore the possibilities of monocular vision for scene
recognition purpose (Sugihara, 1988; Quan and Mohr, 1988; Coelho et
al, 1990).

Another important application for vision is in highly specialized
fields such as radiography, astronomy or microscopy, which mostly
involves 2D recognition process. The objects in the image are
classified according to a number of more or less general criteria

(Tsuji and Nakano, 1981; Granger, 1985).

Method

For every case, the problem consists of extracting relevant
information from the image which cannot be done without using prior
knowledge of the scene and of the conditions of the iImage acquisition.
The use of this knowledge during image interpretation process Iis

schematized on figure 2.1.3.
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Isolated objects Envi ronement Classifi cat ion
3D/2D systems
ACRONYM *
SCERPO * -
VISIONS >
SYGAL -
FABIUS
2D/2D systems
HYPER 2D *
3D/3D systems $
HYPER 3D *
3DPO *
IMAGINE
Other systems
RAF *
STEREO (INRIA) * *

Figure 2.1.2: Application field of various existing systems:
- Ildentification and/or inspection of loose objects
- Interpretation of natural or artificial scene
and/or location of the camera  within this
environment

- Object classification

General knowledge may be used at any level of the interpretation
process, from image segmentation to 3D map construction (dotted lines
in figure 2.1.3). The information stored in the model is compared to
the features extracted from the iImage by a matching process at the
feature level (arrow Qlines in figure 2.1.3). The method, which
predicts visible features from the model, identifies them in the image
and then characterizes them, 1is called a top down process. The
extraction of high level features from the 1image using general
knowledge of the scene and image formation, 1is called a bottom-up
process. Both processes can collaborate (ACRONYM, Brook, 1984;
VISIONS, Hanson and Riseman, 1978, 1988). Typically, a specific
application, 1i.e. much prior knowledge, allows a top down process to
be efficient (e.g- restriction on the set of possible viewpoints and

the set of objects present in the scene allows a
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prediction-verification method to be efficient (Ayache, 1983)).
Conversely, autonomous guidance of a vehicle should use a minimal
amount of information to be of general purpose, which requires an

elaborated bottom-up process.

Dimension Prior knowledge Image
of the Interpretation
representation

General information:

View point infor-

mati on
Geometric const-
raints. ..
3D
Model :
Semantic model Semantic description
Geometric model Geometric description
- » |
2 1/2D or 3D features
Predicted features Extracted features
2D Synthetic image

Image data
Reference image

Figure 2.1.3 : Prior knowledge and image processing

Therefore, the matching between the model and the image Teatures

can be achieved at different levels :

- At the low level by correlation between the real image and a
reference image or a synthetic image deduced from a geometric
model (Even and Marse, 1988). The viewpoint or at Ileast a
finite range of viewpoints should be known.

- At the intermediate level by matching either geometric 2D

features extracted from a geometric model with 2D image
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features (Brooks, 1984), or 3D model features and 3D features
infered from 2D 1image features (Lowe, 1985). As data is
represented in a compact form (symbolic form), more viewpoints
and more complex modelsmay be processed. Matching at a 3D
level has the strong advantage to be viewpoint independent,
thereby reducing the combinatorial complexity of matching.

At a high level, 1i.e. a semantic level, by taking into account
the context of the image features and the relations between
them (Granger, 1985; Simoni, 1983; Rosin, 1988). This approach
may considerably reduce the combinatorix of matching if a
precise semantic description is available in the model, which
is iIn general not the case for an indoor scene (see sub-section
2.3).

At different levels simultaneously, as information becomes
available in a blackboard (VISIONS (Hanson and Riseman, 1988)).

Difficulties

The

main difficulties encountered by a vision process are linked to

the three following phenomena :

Noise: information in the 1iImage is embedded in noise. This
may be due to the presence of shadows and reflections, to the
camera distortions, to electronic noise and to digitization.
Noise results in substantial uncertainty of the image
segmentation process, which affects the significance of the
information extracted as well as its accuracy.

Connectivity : connectivity in the image is poorly related to
connectivity iIn the scene. This is a major problem in the
construction of high level primitives, such as a parallelepiped
or cylinder, which are successfully used in CAD databases for
scene description. Lack of consistency in connectivity 1is due
to occlusion and to noise.

Combinatorial complexity : Numerous objects may correspond to a

single projection in the image. Even the conceptual objects
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which are expected to be present iIn the image are limited Iin
number, the variety of their instantiations and the number of
the associated aspects makes the recognition problem extremely
complicated. In the case of a precise description of the scene
being available, the combinatorix of possible assignments
between model features and 1image Tfeatures is still of

exponential type.
Some solutions

These difficulties are reduced by using much prior information
about the application, e.g. the effect of noise may be reduced if
small details may be 1ignored, the connectivity of edges may be
enforced if the scene only contains sparse objects, the combinatorix
of matching may be considerably reduced if there is a finite range of
possible viewpoints. Currently, vision systems are designed according
to the type of the scene, the type of knowledge available and the

performance required.

Various types of "prior" knowledge of the scene may be used for
vision, Tfrom general information to a precise geometric model of the
scene. They are used in different ways ; general information affects
fundamental choices of method, whereas precise models are explicitly
part of the data. Section 2.2 mentions various types of general
knowledge which are used in image interpretation. This knowledge may
be imprecise so the estimation of the reliability of the results is
part of the problem and 1is discussed in the same sub-section.

Sub-section 2.3 deals with model representation.

The 1image data are very numerous and very crude. To extract
essential information, the image is segmented into features, having a
symbolic representation where possible. This process decreases the
number of data to process and increases their significance. From

elementary features, e.g. straight line segments or vertices, It Iis

possible to construct more elaborate features, e.g. vertex-pair or
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polygons. The higher the level of the features, the less numerous the
data to process and the more significant the interpretation. Some of

the most popular features are described in section 2.4.

The choice of the method depends on the property which is assumed
to prevail in a particular situation, e.g. accumulation of evidence
for the viewpoint Ilocation is an appealing method if the scene is
mainly composed of fixed objects. However the method chosen should
have essential mathematical properties to produce sound results, e.g.
stability of the results with respect to the data. Data representation
is a key point of the formalism used. Essential properties of the
method used and data representation (i.e. feature representation) are

the subjects of the sub-section 2.5.

Control structure has not been the subject of research iIn this
work. Therefore, albeit it is an important aspect of a vision system,

it has been ignored in the following sections.

2.2 General knowledge

The prior knowledge of the scene may consist of knowledge of the
viewpoint and/or the geometry and the complexity of the scene. The
following examines some common types of prior knowledge exploited by

vision systems.
General knowledge about the geometry of the scene

IT the scene is a man-made scene, e.g- a room, the shape of the
objects are likely to be approximately polyhedral with corners likely
to be rectangular. This constraint considerably reduces the number of
possible interpretations. Polyhedral objects have been the subject of
much attention (Roberts, 1965 ; Nevatia, 1982 ; Sugihara, 1984 ;
Nelson and Young, 1985 ; Kanatani, 1989), and among them objects
generated by blocks. Huffman and Clowes (huffman, 1971)(Clowes, 1971)

give a list of the possible corner aspects of a blocks world scene.
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Mackworth (Mackworth, 1973) shows that the graph generated by the
projection of a cubic object has a dual graph, a constraint useful to
recognize consistent edges. Sugihara (1984) shows that the image of a
polyhedral object obeys a number of algebraic constraints which can be

used for infering 3D shape from a single image.

Using the same type of considerations, Lowe (Lowe, 1985) introduces
the concept of perceptual groupings, 1i.e. typical configurations of
features iIn the 1image, Tor 3D inference. This relies on heuristic
knowledge such as: "in a man-made scene parallel lines are numerous so
that it is reasonable to suppose that parallel lines in the image are
parallel in the scene”. A summary of such reasonable inferences Iis

displayed in figure 2.2.1.

Heuristic knowledge also sustains the interpretation of the
perspective in the image : "If a number of lines are concurrent in the
image, they are likely to be parallel in the scene" (Banard, 1983;
Magee and Aggarwal, 1984; Quan and Mohr,1989; Kanatani, 1989).

The use of heuristic knowledge enables the selection of a number of
reasonable solutions among an infinity of them and thereby 1iIs an
important step forward iIn the interpretation. However it does not
provide a unique solution and the evaluation of the likelihood of each
"reasonable”™ solution 1is still a problem. Moreover, this often
excludes interpretation of natural scenes because such geometric

information is rarely available.
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2-D relation 3-D inference Examples
1. ('olliiKuirily nf poiiils or Ciillincarily iu tlirc(-s]i;uc
line .segments P
-» Cnrvilincarity of points or Curvilinciirity in tlirci'-sparc r
arcs
Two or more terminal ions Curves terminate at a com-
at a common point mon point in three-space
4. Termination at a continuous Terminating curve is no
curve closer to the camera than
the continuous curve
5. Crossing of continuous Both curves cannot be
curves occluding geometric edges
6. Parallel curves Curves are parallel in three-
space
7. Three or more lines con- Lines are parallel (seen In
verge to a common point perspective) or converge to
a common point in three-
space
3. Equal spacing of collinear Equal spacing in three-
points or parallel lines space and parallel lines are
coplanar
9. Relations hold between Same relation holds de- -
terminations or virtual lines tween virtual features in
three-space
10. Parallel virtual lines be- Curves correspond to geo-
tween tangent discontinu- metric edges and their cast
ities in curves shadow boundaries
Figure 2.2.1: Inferences proposed by Lowe (Lowe, 1985)

Semantic knowledge may concern any type of scenes and increases the

level of the interpretation. ANDES (Simoni, 1988) uses semantic
knowledge for defining the geometric relationships in the image. It
bases the recognition on an expert system, the knowledge

representation of which are a set of rules representing the spatial
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organization of the scene, e.g. using predicates such as above, inside.
The efficiency of such a description is limited by its simplicity (see

sub-section 2.3).
General knowledge about the viewpoint

The viewpoint may be limited either in range, e.g. a camera may be
located in a corner of a room and have a limited number of degrees of
freedom, or in number, e.g. the camera is fixed and the object has a
finite number of stable positions (Ellis et al, 1988). In the Ilatter
case, a 3D problem is reduced to a 2D problem. The camera may also be
supposed far from the object so that the perspective transformation
may be approximated by an orthographic projection with a scale factor
(Thompson and Mundy, 1987). These approximations limit very much the

field of possible applications.
Complexity of the scene

The combinatorial complexity of any matching process is directly
related to the complexity of the scene. Strategies for pruning part of
the interpretation tree, i.e. tree formed by all possible matches, are

of increasing importance as complexity of the scene increases.

If the scene 1is composed of sparse objects with rather convex
shapes and uniform colour on a uniform background, then a region
growing algorithm (Rosenfeld and Kak, 1982) or any algorithm enforcing
connectivity (Reis, 1991) may be very efficient and so reduces the
combinatorial complexity of the matching. However the efficiency of
these tools is compromized when the complexity of the scene increases

(where it is more needed!).
Measure of evidence

Whatever the application, various knowledge 1is used to reduce the
difficulties encountered by a vision system, but this also restrains

the field of application of the system. A compromise has to be found
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between powerful constraints and generality. The use of precise
information such as: 'the number of possible viewpoints is limited”,
clearly very much limits the range of applications. Fuzzy heuristic
information such as: "numerous lines are likely to be parallel™ is
less limiting but more difficult to handle, and raises the difficult

question of reliability of the results.

Fuzzy heuristic information allows hypotheses to be tested on a set
of 1image features but it should provide a prior estimate of the
probability of success. In practice many systems accumulate evidence
for hypotheses until inconsistencies arise. For instance an edge iIn an
image 1is generally assumed to correspond to an object boundary until
evidence for the contrary, e.g.- Tailure iIn matching with a model
feature. Mulgaonkar et al (Mulgaonkar and Shapiro, 1985) test a
hypothesis through an inference engine, the rules of which are
geometric relationships between 3D configurations of straight lines
and their projection onto the image. Such methods give little

information about the reliability of the final result.

Incorporating probability reasoning provides a firm basis for
interpretation as long as rigorous statistical analysis supports the
model . Tsuji & Nakao (1981) achieve an interpretation of
a cine-angiogram system. The images vary significantly from patient to
patient and do not allow a geometric description. The knowledge is
represented as a set of rules, associated with a probability. They
obtain good results with a difficult problem. Lowe uses the concept of
significance, based on a Bayesian approach, in order to measure the
likelihood of the hypothesis tested. The same approach 1is used by
Rosin (Rosin, 1988), 1in the model-based recognition system FABIUS.
Dickson (Dickson, 1990) generates a network where the features are the
nodes and the hypotheses the arcs, in a way similar to Pearl’s method
(1988), and a likelihood measure is propagated through the network.
The difficulty of the Bayesian approach used in the previous methods

is the estimation of the prior likelihoods, which is usually
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arbitrarily performed.

As the interpretation of the scene from one sensor to another
sensor may vary substantially, the estimation of the reliability of the
results is crucial in multi-sensor fusion. Most research for evidence
qualification has been done in this context (Hackett and Shah, 1990).
A popular method is based on the Dempster-Shafer theory (Shafer, 1976)
according to which a probability measure does not give enough
information about the possible occurrence of a hypothesis. Other
measures are introduced such as the possibility measure and the
plausibility measure, providing an interval of values associated with
a set of evidences iIn a way similar to the uncertainty interval

associated with a physical measure.

In spite of the difficulties, handling fuzzy information seems to
be essential for the development of a vision system of general
purpose. Nevertheless none of the systems described in the previous
paragraph has been tested on a large range of applications and cannot

be fully evaluated.

General knowledge embedded in the method is an essential component
of any vision system. It may be extremely various in nature but is
generally the heart of the method, e.g. perceptual groupings of Lowe
(1985), algebraic constraints (Sugihara, 1984), affine transform
(Thompson and Mundy, 1987). However, 1its choice remains arbitrary and
there 1is no consensus on the way to represent and process it.
Furthermore it may be considered as a set of hypotheses which limits

the field of application.

2.3 Scene representation

In this sub-section, various types of models of the scene are

described and discussed in contrast with general knowledge.

General knowledge described in the previous sub-section usually is
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embedded in the processing itself. In contrast, the use of models for
object recognition is explicitly part of the data, e.g. in an expert
system approach a model is stored in the fact base. General knowledge
is used iIn a bottom up stage (i.e. to extract symbolic information
from the iImage) whereas the model is usually used in a top down stage
(i.e. the image feature corresponding to a particular model feature is
looked for). This latter strategy is called a model-driven strategy.
Numerous types of models and representations have been investigated by

researchers.

The representation will greatly depend upon the type of scene
studied and the source of the information. There are various ways of
building a model with which the image features are to be compared,

from reference image acquisition to a complete symbolic description.

From reference images

The reference image acquisition is probably the best way to model
precise and maybe complicated objects, e.g. cast components. The
technique for segmenting the model 1is the same as the one used for
segmenting the iImage. Ayache (1985) in the system HYPER, Lux (1985),
Grimson (1987), model 2D objects randomly placed and partially
overlapped, using a polygonal approximation. The acquisition of a
number of viewpoints corresponding to the various aspects of the

object enables recognition of 3D objects.

This type of modelling gives good results as the features of the
model are very likely to be matched with the features of the image
since they are extracted by the same process. However, it limits the
recognition to precise objects. It requires a limited number of

possible viewpoints and does not allow geometric manipulation.

Faugeras and Herbert (1986) achieve 3D object modelling by
interpolating 3D points acquired on the object by a set of facets.
Fisher (1987) uses quadratic surface interpolation, whereas many

researchers prefer bi-cubic surface interpolation which is simpler to
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implement and enables accurate modelling of a wide range of objects
(Boult, 1985). The problem with both quadratic and bi-cubic
interpolation is that a local change in the acquired points induces a
complete change in the model. Nevatia and Binford (1977) fFfit
generalized cylinders to real 1iImage data but the stability of the

results has not been demonstrated.
Geometric modelling

The object to recognize is described as a set of simple geometric
forms. This considerably limits the set of objects which can be
modelled. The natural environment can not be easily modelled in this

form, but many man-made scenes are designhed with regular shapes.

CAD tools may be used to achieve geometric modelling. The most
common types of CAD representation are constructive solid geometry
(CGS) and the boundary representation. The CAD representation of the
database used by Electricité de France for modelling power plants and
particularly pipes, PDMS (PDMS) 1is of CGS +type. The object Iis
represented by a number of volumetric primitives, e.g. parallelepipeds
or cylinders. The boundary representation represents an object by the
set of linear primitives, e.g. straight line segments or circular
arcs. This latter representation may appear more suitable for vision,
but a CAD database may exist independently of the vision task and one
may wish to wuse it as such. Ellis et al (1987) wuse a CAD
representation of widgets to recognize their location and to inspect

them.

Binford (1975) introduced generalized cones to represent a larger
set of objects. Brooks (1985) used this idea with restriction on the
definition of generalized cones. He succeeded to model objects as
complicated as a class of aeroplanes. ACRONYM (Brooks, 1985)
successtully uses this type of representation to identify particular

types of aeroplanes from a range of models.
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Geometric modelling is associated with a symbolic description
enabling the parameterization and thereby the representation of
generic objects. The representation is compact and enables geometric
reasoning. However the range of objects which can be modelled in this

form i1s limited.

Semantic description

We define a semantic description as a set of qualitative rather
than quantitative descriptors. It includes symbolic form descriptors
(circular, |lengthened...), color ( dark, bright or any color), and
predicates such as spatial relations (above, below, included...),
order relation (larger, smaller...). It is well adapted to aescribe a
natural environment as it offers a great flexibility for the

description.

A symbolic description can be represented as a graph, called a
semantic network, where the nodes are objects, classes of objects,
descriptors or situations and the arcs are the relations between the
nodes. For instance a circular object will be represented by two nodes

"object” and '‘circular™ connected by the arc ''shape’.

A popular knowledge representation is the "frame"™ representation
(Minsky, 1975). A frame is a multi-level representation of an object.
With an object (a frame) are associated attributes or slots (sort of,
part of, color, texture...) described by facets (value, default...).
The frames can be connected to form a semantic network. It enables the
modelling of a class of objects from which the objects inherit the

properties. A geometric description may also be associated with it.

The frontier between general knowledge and modelling when using
semantic knowledge 1is not as clear as 1In previous paragraphs.
Actually, the distinction is made through the structure of the
algorithm, whether prior knowledge 1is stored in the fact base in

(Rosin, 1988; Granger, 1985) or in the rule base (Tsuji and Nakao,
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1981; Simoni, 1988).

The semantic representation is very well adapted to highly
specialized fields, such as biology or astronomy (SYGAL (Granger,
1985)). The knowledge of the expert, formalized in terms of image, Iis
translated into the database. However, albeit scene interpretation is
an elementary task for everybody, it is very difficult to formalize it
in terms of image and it is still the subject of extensive research in

neuroscience.

Figure 2.3.1 classifies some operational systems according to the

type of representation adopted to describe the models.

Ref. image Geom. model Semantic desc.
3D/2D systems
ACRONYM *
SCERPO *
VISIONS -
SYGAL * *
FABIUS
2D/2D systems
HYPER 2D *
3D/3D systems *
HYPER 3D -
3DPO * -
IMAGINE
Other syst.
RAF *
STEREO (INRIA)

Figure 2.3.1 : Model type for various systems
- Model from reference image acquisition

- Geometric models as CAD database

- Semantic description
Organization of the database

The organization of the model database depends on the type of
scene. If i1t consists of unattached objects, the object models are
stored in a catalogue, which may be hierarchically organized if

objects are formed of sub-objects (Brooks, 1985). In the case of
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indoor scenes, the notion of object is ambiguous. For instance the
effect of scale can alter its definition. Let us suppose that the
database can be structured as a highly interconnected hierarchical
tree. The top of the tree corresponds to a coarse description and the
bottom to a detailed description of the scene. For example a room may
be represented by a parallelepiped or more precisely as the set of six
rectangles corresponding to the walls, the floor and the ceiling, the
description of which may be refined. It appears that different trees
may be associated with the same scene, e.g. whether the frame door is
classified as a door element or as a wall element. Besides, in spite
of the description refinement it remains probable that most of tree

leaves will only be partially visible.

The model database complexity rapidly increases with the complexity
of the scene. The problem 1is further aggravated in an indoor scene
because the notion of object may be ambiguous, e.g.- due to the

connectivity of the different elements.

2.4 Extraction of features

Raw 1image data are too numerous and have poor meaning when
isolated. To consider only meaningful information, the image Iis
segmented and represented as a set of symbolic features. The quality
of the iInterpretation depends on the complexity level of these
features; the highest level is a semantic description of the scene or
a geometric description of the CSG type. Features commonly extracted

from the image are described in what follows.

Information is extracted from the 1image in the Tform of iImage
features or primitives, e.g. edges, points, regions. They are then
processed to give more significant primitives such as straight line
segments, angles, circular arcs. These primitives may be grouped to
provide higher level primitives. Hanson and Riseman (1978; 1988) in

the system VISIONS use the primitives ''region™ and "edge'" which may be
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grouped iInto a structure called a token. A set of attributes is
associated with each type of token. Thompson and Mundy (1987) have
introduced the primitive called the "vertex pailr“. It consists of a
pair of vertices, each formed by the intersection of two edges; the
angles between the spine, 1i.e. 1imaginary line linking the vertices,

and the edges meeting at one vertex are known (see figure 2.4.1).

Figure 2.4.1: Vertex pair

Work has been done to increase the Ilevel of the primitives
extracted by interpreting them as a projection of 3D features. The
interpretation of the image perspective gives information on the 3D
orientation of the primitives. The primitives used for such purpose
are straight line segments (Ballard, 1982 ; Magee and Arggawall, 1984
; Quan and Mohr, 1988). Coelho et al (1990) recently use such
information to construct a 2i/2 D sketch (Marr, 1982), i.e. a set of
planar regions, the orientation of which is known. The level of the
interpretation is significantly increased, but the interpretation

relies on a number of hypotheses, the likelihood of which varies.

A matching method based on stereo images gives the position of the
primitives in the 3D space (Medioni and Nevatia, 1985 ; Ayache, 1988 ;
Marapane and Trivedi, 1988). The primitives, typically points,
straight line segments or regions, do not usually appear to be
connected in the 3D space. Matching 3D segments with a CAD model of
the scene is difficult because the boundaries which seem essential to

the object description are not necessarily the ones which are easy to
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detect iIn the image. Furthermore segments do not give any information
about shape which 1is necessary when using a CSG representation.
Although the combinatorix of the matching 1is reduced by the 3D
representation of the features, grouping them remains a necessity when

the complexity of the scene increases.

Increasing the level of features extracted from the 1image by
constructing complex primitives such as vertex-pairs or polygons,
requires solution of the connectivity problem. Up to now this Iis
largely solved by setting thresholds on the distance between segments,

through experience (Coelho et al, 1990 ; Reis, 1991). As far as the

author knows, there is no well formalized solution to this problem.

Characteristic features are extracted from the image and represent
the input data of an interpretation process or a recognhition process.
These features may be grouped or interpreted in the 3D space to
increase the level of the representation. The performance and
generality of the system depends very much on the achieved level of
these primitives. Up to now, among the most significant primitives let
us mention: (2D) the vertex-pair (Mundy and Thompson, 1987), (2i/2D)
the oriented planar region (Coelho et al, 1990), (3D) straight line
segments located in the 3D space (Ayache, 1988).

2.5 Method and Data representation

The choice of the method depends on the knowledge available and on
the properties which are assumed to prevail in the application
studied. It also depends of the level of the interpretation one wishes
to reach (see figure 2.1) or one can possibly reach. Besides, the

method should obey a number of mathematical properties

- Resolution : the problem should be resolvable
- Stability : a small variation of the data should produce a

small variation of the results. This includes stability with a
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change of scale or a rotation.
- Efficiency and accuracy : the method should provide the correct
solution in most cases, with a minimal uncertainty

neighbourhood.

Data representation appears to be a key point of the method.

Faugeras (1988) says that a representation should be :

- unique : a unique set of parameters,

- complete : a feature has always at least one representation,

- minimal : minimal number of parameters,

- differentiable : a small variation of the parameters correspond

to a small variation of the feature.

To satisfy all the previous criteria 1is extremely ambitious,
furthermore they are not of equal importance and some researchers have
given preponderance to some of them. Their relative weight in the

choice of the method is demonstrated through a number of examples.

Data

The data of an interpretation or recognition process are the
primitives of various levels extracted from the image (segmentation
processes are not investigated here). Whatever this process, It may be
formalized as a system of equations with a number of unknown

variables.

Resolution of the system

The system of equations may appear to be complex to solve, from a
mathematical point of view, or even not resolvable by algebraic means.
A classical way to deal with such a system is to linearize the
equations, e.g. Newton-Raphson method for pose determination (Lowe,
1985) or an extended Kalman filter for ellipse fitting (Porill, 1989).
Linear algebra is very well known, numerous tools and results are

available, thereby Ilinearity becomes a crucial property when the
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complexity of the problem increases (e.g- dimension » 1).

Perspective transformation is 1inherently not Ulinear in the
Euclidean space. The problem may be solved by various approximations.
If the viewpoint is approximately known (a small movement since the
last positioning) the problem 1is linearized around this value
(Worrall, Baker and Sullivan, 1989). This method may be used in a more
general context by using an extended Kalman filter. In that case, the
initial guess 1is associated with an infinite uncertainty (the
stability of the process is still a problem). If the object is far
from the camera, the perspective transformation may be approximated by
an orthographic projection associated with a scale factor (Thompson
and Mundy; 1987). However, approximations are not always possible.
Naeve and Eklundh (1987) suggest that the right context for solving
the problem posed by perspective geometry 1is projective geometry, as
most equations become naturally linear. The elegance of the formalism
is very attractive but the associated data representation 1is not
unique, not minimal and not differentiable. For instance, a straight
line segment 1is represented by 6 parameters, 3 of which are used for
the detection of the vanishing points (in contrast with 2 using a
minimal representation), and the uncertainty of the vanishing points

detected is not bounded.

The problem may also be under-determined, e.g. the use of three
points for determining 3D object position from a single perspective
view (Wolfe, 1988) or the use of three edges for the same purpose
(Dhome et al, 1989). In this case all the solutions are found and the

ambiguities must then be solved by another process.

Stability

A small variation of the data should produce a small variation of
the results. This obvious property of any reliable system 1is not

trivial in image interpretation.
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Differentiability of the system 1is a necessary condition and
applies equally well to data representation. However it 1is not
sufficient, as differentiability is only concerned with small change
of the values of the data but not of the data themselves, e.g. missing
primitives or segments cut into two segments, the consequences of
which are often unpredictable. Methods have been developed to remedy
some aspects of the problem. For example, Quan and Mohr (1988)
accumulate straight lines by weighting them by their length in order
to be insensitive to over segmentation. The use of an edge fragment in
the vertex-pair primitive definition (Thompson and Mundy, 1987) aims
at the same property. More generally, invariance of the features under
a number of transformations is the best way to prevent instability,
e.g- the popularity of the vertex primitive is due to its invariance

through rotation, change of scale and translation (Whitten, 1988).

The presence of a number of thresholds iIn a vision process gives
little chance to perfect stability of the results. These thresholds
are due to the necessity of deciding about the significance of the
features or relationships between Tfeatures throughout the process.
This cause for instability of the process is related to the paragraph

measure of evidence of the sub-section 2.2.

Currently, the use of differentiable and invariant representations

is the best way to avoid instability.

Uncertainty and accuracy

The system may appear to be over-determined when n features are
used to determine p parameters (p<n). For instance, the determination
of the transformation between the model coordinate system and the
camera coordinate system represented by six parameters is performed by
matching n image features with n model features (n>6). In fact the
equations are fulfilled within a range of uncertainty, so that the

over-determination is broken.
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A classical way to handle uncertainty is to extract and solve
consistent sub-systems, e.g.- six non-coplanar points determine a
solution for the transformation, +then to accumulate the solutions
using the Hough paradigm. The solution having the maximum number of
votes is selected, i.e. maximum peak in the accumulator space
(Thompson and Mundy, 1987). The method does not give a way of

estimating the uncertainty of the result.

Another popular way is to minimize an error criterion such as the

least mean square criterion (IMS) E = £ vie , e being the distance
i 1
between the solution searched for and the solution of i1 sub-system,

and w. any weight. If the noise responsible for e 1is assumed to be
normal, then it is possible to show that the solution which minimizes
the global uncertainty, minimizes E if W is equal to the inverse of
the variance of e, and that i1t also maximizes the likelihood function,
If the system is linear, this solution may be found by using the
weighted LMS method, or a Kalman filter (Kalman, 1960) which, 1in this
case, 1is similar to an iterative LMS method. These methods also
provide the uncertainty neighbourhood of the solution. If the noise is
not normal with zero mean, they may give very wrong results by
emphasizing the importance of a large value of e In this case Weiss
(1988) proposes a method based on a prior estimation of the result and

segmenting the data by maximizing a likelihood function.

These latter methods are mainly used because they provide the best
estimate of the solution in the LMS sense or the likelihood sense,
with the associated uncertainty (Ayache, 1988; Porill, 1989; Deriche
et al, 1990).

Representation

The [linearity of the system of equations depends on the data
representation chosen, e.g. the equations giving the coordinates of

the intersection point of two straight lines are linear when using a
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Cartesian representation but are not when using a polar
representation. The use of homogeneous coordinates (Thompson and
Mundy, 1987; Ayache, 1988) or reduced coordinates (Kanatani, 1989) in

a perspective transformation aim at providing linear systems.

Linear systems are very attractive because they are resolvable with
the maximum accuracy in the LMS sense. However the data representation
associated with these systems does not necessarily satisfy the

criteria set by Faugeras.

Let us focus on a popular primitive, the straight line segment. In
the Euclidean space the Cartesian equation of a straight line, 1.e.
axtby+c = 0, is not minimal ; the Cartesian equation normalized by c=I
is minimal but non differentiable at the origin and its polar equation
is not unique. There is no representation satisfying the four criteria
for this primitive (Ayache, 1988). Ayache proposes to use a set of
unique, minimal and differentiable representations, called an atlas,
the set being complete . However, the four criteria are not of equal
importance : if the representation should obviously be complete, it
should not necessarily be minimal or unique. The price to pay for not
satisfying both these last criteria is an increase of the dimension or
complexity of the problem. The differentiability allows uncertainty to
be controlled throughout the process and ensures a better stability

(see paragraph on stability, section 2.5).

Cartesian, homogeneous or projective representations have
privileged coordinate axes. They are not appropriate for highlighting,
for example, the isotropy of some geometrical relationships, e.g.
angular properties. Thus, it is sometimes not possible to satisfy the
set of fixed criteria or linearity without compromising a fundamental
property of the relationship exploited. A trade-off has to be found
between good mathematical properties of the representation and the

intrinsic qualities of the representation.
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Conclusion on the methods and data representations

Simplicity and accuracy of the interpretation method depends on the
data representation. Many methods aim at providing linear systems as
they offer numerous tools including uncertainty calculation
mechanisms, such as the Kalman filter, and solutions, such as the best
estimate in the LMS or likelihood sense. For instance, in the context
of projective geometry, perspective equations become linear (Naeve and
Eklundh, 1987). The data representation associated with such systems
is not always optimal in the sense defined by Faugeras (1988),
nevertheless it is possible to define such a representation, e.g. an
atlas (Ayache, 1988).

Approximations, choice of the prior knowledge, choice of the
features, choice of the data representation may modify the nature of
the initial problem. A trade-off has to be found between complexity,
mathematical relevance and accuracy. Up to now no unified formalism

exists for vision.

2.6 Conclusion

The nature of the information used and the way it is used In some
existing vision systems have been the subjects of the previous
sub-sections. Common difficulties when designing an image

interpretation process have been pointed out.

Among them the difficulty of dealing with fuzzy information has not
found a satisfactory answer. It may be used in an intuitive way at
some stage of the process such that its effect on the result is
difficult to quantify. More satisfactory is to explicitly write it in
a rule base. Various methods have been developed for quantifying the
reliability of the results obtained but no definite consensus seems to

have emerged.

Dealing with uncertainty has appeared to be essential in the last

few years and a popular answer has been the Kalman Tfilter. However
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this approach constrains the linearization of the equations and
thereby various approximations which limits the field of application

of the system.

Combinatorial explosion may be partly solved by increasing the
level of the interpretation which is still relatively low. Errors of
measurement, low reliability, Iinconsistent connectivity between the

image and the scene are all parts of the problem.
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CHAPTER 3

OVERVIEW OF THE METHOD

3.1 Problem description

The aim of this work is to achieve a high Ilevel interpretation of
the image by using general knowledge of the scene. The method developed
is a fTirst step to positioning a camera relative to a CAD
representation of the scene, which is a CSG type representation in the

case of PDMS, 1i.e. the application of this work.

The scenes studied are indoor scenes of power plants, typically
composed of pipes (usually aligned with the walls), tables, rectangular
and circular structures and cylindric tanks. Wall boundaries, door
frames, rectangular structures and pipes may be represented by lines
mostly perpendicular to three principal directions, the vertical one
and two horizontal ones defined by the orientation of the walls. The
presence of circular structures, such as joints of pipes or ends of

cylindric tanks, correspond to elliptical arcs in the image.

The model provided by PDMS is a set of volumetric primitives such as
parallelepipeds, «cylinders or toruses. Each primitive 1is located
relative to a unique coordinate system with no information about their
relative positions and interactions. PDMS generates a very compact
database and is very efficient for pipe runs. PDMS databases at EDF
represent a huge amount of information about the power plants which

might be used for vehicle guidance.
A First approach for solving this problem consists of deriving a

vision-oriented model from the PDMS database and comparing it with the

features iIn the image. A second consists of reconstructing volumetric
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primitives from the image and comparing it with PDMS primitives. The
first approach is computationally very expensive, as numerous models
have to be generated corresponding to all possible viewpoints. The
complexity of the matching substantially decreases when the
interpretation of the image improves, which makes the second approach
attractive. Moreover it seems to be closer to how humans interpret
photographs. But reconstruction of volumetric shapes from the image is
limited because of the indétermination of the problem inherent to the

2D projection, and thereby is not very reliable.

A trade-off 1is proposed here. On one hand, high level features
extracted from the image are represented in the 3D space, which can be
called volumetric-oriented primitives. On the other hand, a
vision-oriented database is extracted from the CAD database, but kept

at a 3D level, thereby not increasing the level of complexity.
The aims of this work are :

- to extract high level features and estimate their reliability
- to demonstrate the feasibility of locating the camera with

respect to a CAD database of the scene.

The first point is the main part of this thesis. The second point is
demonstrated by constructing a model from the interpretations of
several viewpoints which 1is then included in a CAD database. The
matching process involved in the construction is beyond the scope of

this work.

The method for extracting high level Tfeatures consists of the

following stages :

- Extraction of the edges of the 1image and approximation by
straight line segments and ellipses.

- Interpretation of the perspective consisting of the detection of
the vanishing points and the classification of the lines with

the appropriate vanishing point.
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- Construction of features represented in the 3D space, called 3D
structures, consisting of straight [line segments, rectangles,
ellipses, vertices, edges, connected structures called local

configurations.
Then 3D maps are built in two steps

- Rotation of the coordinate systems corresponding to two
viewpoints, in order to line up the main directions with the
coordinate axes.

- Matching of structures (nhot described here) and determination
of the relative scales and, thereby, of the relative positions

of the viewpoints.

The scale of the representation remains unknown except iIf the scale
of one matched structure is known, since the matched structures are
consistently scaled. The scale indétermination may be broken by the

prior knowledge of the average depth of the scene.

The next sub-section describes the main principles of the method.

3.2 Principles of the method

The scenes studied allow the following hypotheses to be made :

- geometric constraints : most objects in the scene are parallel
to 2 or 3 main directions, e.g. in a room the directions defined
by the walls.

- connectivity : connectivity 1in the scene 1is inferred from
connectivity iIn the image, which can be done only if there is no
occluded part. Therefore, the scene 1is hypotesized to contain

few occluded parts.

The geometric constraints apply to most indoor scenes, such as
offices or laboratories but it clearly excludes rooms or corridors with

circular shape. The second hypothesis supposes that the scene 1is not
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excessively complex and has few unattached objects.

The formulation of the hypotheses is fuzzy in order to be a minimal
constraint for the type of application concerned. This approach

requires a method for evaluating the reliability of the result.

The main difficulties of a vision system are described in section
2.1.1, which considers the presence of noise in the image, the lack of
consistency iIn the feature connectivity and the combinatorial explosion
due to the number of possible aspects of a scene. The lack of
consistency is resolved by the second hypothesis. The combinatorix may
be decreased by extracting high level features, but this introduces the
problem of reliability of these features. The presence of noise implies

the need to deal with uncertainty.

The same methodology 1is used throughout the process. Let ft be a
relationship between 2 features which is to be exploited, the features
linked by H are selected by a likelihood ratio test and then a higher
level feature 1is determined using a Kalman filter. The part of this
process common to several stages 1is detailed in the following
sub-sections, whereas specific processes are detailed in the following

chapters.

Sub-section 3.2.1 describes the elementary features selected for the
process and the construction of high-level features from them. Two
types of error are distinguished : uncertainty of measurement which is
assumed to be normal with zero mean, and errors of segmentation (e.g-
data selected although in fact they do not satisfy the relationship 3?),
which do not have a zero mean error and thereby corrupts the Kalman
filter. Sub-section 3.2.2 deals with the Tfirst type of error. It
demonstrates how the necessity to deal with uncertainty constrains the
choice of the tools and the representation of the variables and the
relationships. The Ilikelihood ratio test minimizes the risk of the
segmentation error and is the subject of sub-section 3.2.3. The scoring

process which provides a measure of the reliability of the results, Iis
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deduced from the result of the likelihood ratio and is described in the
same sub-section. Sub-section 3.2.4 gives details on the construction
of the 3D maps. The Ilast sub-section concludes with the principal

points of the method developed.

3.2.1 From low to high level features

Edges are extracted from the 1image and represent the only
information retained from the image. Edges are chosen because they are
relatively accurate and seem preponderant in scene interpretation, e.g.
the boundary of a closed door iIn a room is visible because of the
shadow area formed, rather than because of the contrast between the
door and the wall, which may be of the same colour. The Gaussian filter
(Canny, 1986), Deriche’s filter (987) and Shen’s filter (1986) are

compared. An improved version of Shen"s detector is proposed.

Edges are then approximated by straight line segments or ellipses.
Berthod’s algorithm (1987) has been tested for straight Lline segment
fitting. Rosin and West’s algorithm (1988) achieves straight line and
circular arc fitting and provides a score with each fit, based on
significance. Then, circular arcs are grouped Tfor fitting ellipses
(Rosin, et al, 1990). These two steps are shortly discussed (further
work on this step is iIn progress (Ellis et al, 1991). Let us remark
that the quality of these steps plays an essential part in the quality

of the final results.

Thus, the data of the process are straight Iline segments and
elliptic arcs. Straight line segments are used for interpreting the
perspective of the image. Once the vanishing points are found, elliptic
arcs are interpreted as the projection of a circle and straight lines
are grouped to form higher level features, called structures, which are

represented in the 3D space.
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I interpretatLon of the perspective

Parallel straight lines in the scene are projected onto concurrent
lines iIn the image, which meet at a point called a vanishing point. The
vanishing point coordinates provide the orientation of the associated
lines (appendix 1). Lines lying in a plane in the scene have their
associated vanishing points on a straight Uline in the image.
Perpendicularity 1in the scene corresponds to a relationship between
associated vanishing points in the image so that the vanishing points
associated with a triplet of perpendicular lines form a triangle, the
orthocentre of which is the projection of the optic centre onto the
image, and the scale of which is related to the focal length. These
well known properties of perspective are exploited for inferring 3D

orientation of the features from their projection onto the image (see

figure 3.2.1.1).

Vn

Figure 3.2.1.1: perspective view of a cube and
associated vanishing points

The vanishing points are detected by accumulating the straight lines
in an accumulator space in a way similar to Barnard (1983), but using a
new accumulator space. Concurrent lines in the image are projected onto
concurrent curves iIn this accumulator space which is bounded, isotropic
and keeps constant the expected uncertainty of the vanishing point
whatever its location. It is shown iIn chapter 5 that the definition of
this accumulator space relies on a probabilistic model of the straight
lines in the image and in particular of the expected value of the

inverse of the square of their lengths. The model adopted and the
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results of the statistics are described iIn chapter 4. The searched
vanishing points correspond to the peaks of the accumulator space. The
properties of the accumulator space ensure the same quality of the
detection whatever the location of the vanishing points in the image

plane.

Once the vanishing points are found, the straight Ilines are
classified with them by wusing a likelihood test. Then, the
perpendicular 3D directions are found by detecting consistent pairs of
vanishing points. If possible, the elliptic arcs are classified with a
pair of vanishing points, if not they are rejected. Hence, triplets of

perpendicular directions are searched for.

At this stage, primitives are straight line segments and circular
arcs oriented in the 3D space, 1i.e. only their distances from the
camera 1is unknown. Actually, circular arcs have been very difficult to
extract and have a very small place here; more work on this point Iis

needed.
3D Local configurations

In the following text the prefixes 2D and 3D refer to the dimension
of the representation space and not to the dimension of the feature
itself, e.g. a 3D straight line segment is a segment of the 3D scene,
the exact location of which may be unknown, whereas a 2D straight line

segment 1is its projection into the image.

Connectivity iIn the image is used for grouping the 3D primitives
extracted at the previous stage (see figure 3.2.1.2) in the following
way :

- Parallel 3D line segments, the corresponding 2D line segments
of which are close in the image, are grouped to form a single
line segment, called a linear structure.

- Two perpendicular [linear structures, the corresponding 2D

projections of which are close in the image, are grouped to form
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an L structure.

Parallel L structures, which share a linear structure and

are in the same half-plane with respect to this linear
structure, form a Comb structure.

Two comb structures, which share a linear structure different

from the spine, form a rectangular structure.

Two perpendicular comb structures with the same spine form a 3D
edge.

Two perpendicular L structures, the projections of which have

close vertices, form a 3D vertex.

Linear Subjective Comb Corner
structure linear structure structure structure

-------- : Original data
--------- : 3 D structures

Figure 3.2.1.2: Examples of 3D structures

Most parameters describing a 3D structure are viewpoint invariant
because of their representation in the 3D space. This is particularly
attractive for a matching process. Most of these structures are scale
invariant, e.g. edges and vertices. The size of the comb and L
structures has poor significance as only a part of it may be visible,
but the size of the rectangles is considered to have some significance.

Not all the rectangles have been extracted, only the largest ones, e.g.
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only the Ilargest rectangle included within two comb structures facing
each other 1is extracted. The concept of the comb structure is
introduced to restrict the construction to a Ulinear complexity, as
their number is less than four times the number of linear structures
(there are four half-planes perpendicular to a linear structure). Comb
structures (an L structure is a particular case of a comb structure)
are the basis of all further constructions, 1i.e. rectangles, edges and

vertices.

Two different connectivity criteria are used to form the 3D
structures. The first one uses the closeness of the corresponding
features in the image, the other one uses the simple heuristic "have a
common sub-structure'. Both are subject to mistakes; the former because
of noise, segmentation errors and hidden parts, the latter because of
hidden parts (e.g- an edge may be confounded with its projection onto a
wall - see figure 3.2.1.3). To carry on the construction by applying
connectivity criterion until the process is stable, may therefore be
dangerous. However, it may be used as an accumulation of evidence for
the presence of a super-structure. For instance, a number of close
parallel planar structures may provide evidence of the presence of a
wall, even if actually the substructures are not coplanar because they
correspond to, say, a cupboard, a desk and a picture lying on the wall.
The iteration of the second connectivity criterion provides structures
called 3D local configurations, which should correspond to coarse local

maps of the scene.
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Cupboard

Figure 3.2.1.3 : Top view of a cupboard 1lying against a wall. The
two vertical lines in the scene corresponding to the
cross on the top view are confounded in the image.

At this stage the interpretation of the scene is not completed as
the depths of the local configurations and the 3D structures are not
known, 1i.e. the scale is unknown. However, it has improved very much as
the scene is now symbolically described in terms of 3D rectangles,
circular arcs, edges and vertices and more complex but less reliable

structures, called local configurations.

These 3D structures may be compared with the 3D structures inferred
by Lowe (1985) from the perceptual groupings extracted from the image.
However, they are more precisely defined because of the interpretation
of the perspective. It will be seen (sub-section 3.2.3) that the
measure of the significance is given by a likelihood ratio based on a
statistical model of the features in the image, using a unified
approach. This approach is based on the existance of a non-negligible

uncertainty of the measurements extracted from the image.

3.2.2 Dealing with uncertainty

The interpretation of the perspective and the construction method of
the 3D structures may be expressed as a set of relationships linking
the parameters of the features, i.e. the data, and the unknown
variables. As the data are uncertain, the relationships are true within

a range of uncertainty. Taking into account uncertainty enables the
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best estimate of the solution to be found with 1ts associated

uncertainty.

Let us remark that dealing with uncertainty is an absolute necessity
for mobile vehicle because data from various sources (e.g- CAD model,
multiple images, range-finder, odometer), may be required for achieving

even a simple task, and they must be made consistent.

As mentioned in section 2.1.5, Kalman filtering is a very popular
tool when dealing with normal random variables. If the relationship
between data and unknown variables may be written as a set of linear
equations (possibly after linearization) and the noise associated with
the data has a zero mean, a Kalman Ffilter (or extended Kalman filter)
gives the best estimate, in the LMS sense, of the variable studied and
its uncertainty. In addition, the algorithm is very efficient in time
and storage because of its iterative implementation. However it
requires linear (or linearized in case of an extended Kalman filter)
and independent relationships (iFf 2 relationships are dependent,

divergence occurs).

Kalman filtering (appendix 2) 1is used throughout the method
developed in the following pages, whenever using the appropriate
representation iIn the sense defined above (Ayache and Faugeras, 1987).
However the tests selecting the 1input data use a different
representation, enabling the exploitation of geometric properties
(Figure 3.2.2.1). For example, the detection of vanishing points is
achieved through an isotropic but non linear representation, whereas
the Kalman Tfilter uses the Cartesian representation, linear but not
isotropic ; the use of the Cartesian representation for vanishing point

detection would prevent the isotropy of the detection.

The use of a Kalman filter supposes a white noise and therefore a
correct segmentation, which does not take into account possible errors
at previous stages or simply unreliability of the hypotheses used. This

implies that wrong data are used as the input to an iteration of the
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Kalman filter. The effect is very different from noisy data as no
hypothesis can be made upon the statistical distribution of the error,
so that the hypotheses required for using the Kalman filter (Kalman,
1960) are not TFulfilled. Unfortunately, the Ilarger the error, the
greater the influence on the result ; moreover if the uncertainty is
lov, it substantially reduces the uncertainty of the result, further
aggravating the problem. Therefore, a distinction between segmentation
error and measurement error should be made so that only reliable data
(in the segmentation sense) are used in a Kalman filter. In the method
described here, data are segmented by using a likelihood ratio test

(section 3.2.3, appendix 3).

Another way to ensure stability of the Kalman filter is to provide a
good initial estimate of the unknown variable to the Kalman filter.
More Tflexibility is possible for this first estimation as uncertainty
may be over-estimated. Accumulation of data 1In an appropriate
accumulator space is an efficient way of doing this (Weiss, 1988). This
approach is used for the detection of the vanishing points. However, as
the prior estimate is found by using the same data as the Kalman
filter, it is no longer independent of the data. This difficulty Iis
overcome by over-estimating the uncertainty associated with the prior
estimate, but not too much, in order to give this estimate some weight
in the Kalman filter. It may cause an under-estimation of the
uncertainty of the final result but this is in no way comparable to the
one resulting from the use of wrong data in the Kalman filter, and it

increases the reliability of the results.

The Ffigure 3.2.2.1 demonstrates how the Ulikelihood test and Kalman
filter cooperate in the process and how the data representation is
related to the process in which the data are involved. In this figure

the following notations have been used :

R : result of the likelihood ratio test

(a,b) : a is the slope of a 2D line ( or the inverse of the slope
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if the slope is higher than 1), and b the intercept with
the axis Oy (or Ox if the slope higher than 1)
(u,6) : unit vector and centroid of a 3D segment

(x.y) : Cartesian coordinates in the image

(p,0) : polar representation of a point in the image
(X.Y.Z) : Cartesian coordinates in the scene
: Distance between the Tfeatures Fi and F 3 (in

the 1image). D is the Euclidean distance in case of
vanishing point detection, and is the longitudinal and
transversal distances between two straight line
segements (defined in chapter 6) in case of the
construction of linear structures and L structures
L(a,b) : Straight line segment in the image with endpoints a, b.
L(u, G, 1) : Straight line segment in the space with orientation

u, centroid G and length L
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Vanishing point detection:

Line

segment s

L(p.0)

D(L,VP)

L(a.b)

D(L,VP) Rfl

Pair and Triplet of perpendicular directions:

Van ish ing
po ints

VP (P5-05)
VP (. ,0 )
J J J

VP1(xi,yi)

R+1

VP (X .y )
i I
El lipse

E(a, b, c,d, e, score o1

Figure 3.2.2_.1.a: Likelihood test, Kalman filter and data representation

in the construction of the 3D structures.
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Linear structures:

associated with the vanishing point VP(X,y):

L ines

R R
ASLX s
» L@, b) --———- > L(u, G, i)

L structures:

Corners structures:

From 2 perpendicular L structures LS (u,v_,C ,Lb1 ) and LS (u,v_,C_,1,1 )
1 1771 1 2 2772 2

Prox imity

Vertices
test

C(x,y)

CX,Y,2)
Corner structure CS (ul,¥ ,V ,C,1,1|,|2)

Figure 3.2.2.1: Likelihood test, Kalman filter and data representation
in the construction of the 3D structures.
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3.3 Dealing with segmentation noise : Likelihood test and scoring process

Likelihood ratio test

The perspective projection of the features in the scene onto the image
generates an indétermination relative to the 3D location of these
features. However, it 1is possible to use cues from the image for
hypothesizing 3D configurations. For instance, connectivity 1in the
image cannot ensure connectivity in the scene but strongly suggests it.
Such particular relationships, e.g. connectivity or parallelism, are
very important for interpreting the image. The aim of the likelihood
ratio test is to decide whether a 2D relationship between two features
in the image 1is more likely to be due to chance or to be due to a

particular relationship between the corresponding 3D features.

As has been explained, the relationships between two Tfeatures are
not perfect because of uncertainty of measurement. But they can also
occur by accident, e.g. two lines may be parallel in the image without
being parallel in the scene. Hence the segmentation problem : how to
determine which data satisfy the relationship of iInterest. Let us
remark that the sources of errors are |linked, since the worse the
uncertainty of measurement, the higher the risk of erroneous

segmentation.

Let us suppose that the relationship of interest, 9, may be written
in the following way : let Fi and F be two features of the image

linked by this relationship, then
©? true) :>V(F1,F2) =0
Because of error of measurement, it should be rewritten

@©? true) =>V(F1,F =V *0

2°€1-€5)

where eland e2 are the errors of measurement with covariance matrices

C and C . As the errors are supposed to be normal, V is a random
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variable with a Gaussian distribution with zero mean and covariance CV-

Now let us suppose that the features F and Fare not linked by the
relationship R, then V{F, P}, e e is still a Gaussian random variable

no longer centered at 0 but at S(F ,F ), then
V = y(Fi>F2>ei,e2) - S1F™) (3.3.1)

The features Fj and F2 are supposed linked by the relationship R if
V is not too large. V 1is therefore called the decision variable. For
example, for classifying a line L with a vanishing point P the
relationship R is : "the point P is the vanishing point of the line L.
If R is true, the distance D between the line L and the point P should
be equal to 0. Because of errors of measurement it is only possible to
say that D is small. But D small does not mean that R 1is true as the
line L may pass near P by accident. The problem is to find a criterion

applied to D which minimizes the risk of mis-classification.

Various tests may be used to test the value of V and decide whether
R is fulfilled. A coarse test consists of setting a threshold for V and
selecting any pair of features such that ivl < Vmax, i.e. a
neighbourhood criterion. Another criterion takes 1iInto account the
uncertainty with which V is known by using its Mahalanobis distance ,
i.e. VE&?V, which has to be less than a fixed threshold ; this test is
called the MD test in what Tollows. This criterion does not take
explicitly into account the risk of error due to accidental situations,
i.e. segmentation error. Since the importance of such an error has been
mentioned in the previous sub-section, it has been preferred to use the
likelihood ratio test (LR test) which does take it explicitly into

account.

The likelihood test consists of selecting the more probable
hypothesis for the interpretation. Let V be the result of an experiment
testing from which of the hypotheses H or H is true, i.e. whether two
features Fi and F2 are linked by the relationship R (H) or not linked
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by K (H). For instance, in the case of the classification of a line L
with a vanishing point P, V is the minimal distance from the line to
the point and the hypotheses to test are H : "the line () passes
through P “on purpose” and H : "the point P and the line L are not
related”, 1i.e. the point P is close to the line L by accident. The
likelihood ratio tests which hypothesis 1is more likely, knowing V.
Using the Bayes theorem, it is found that H is more likely than H
knowing W =V if :

R =pmr=V) = p(I/2V[H) p(H)_ > t (3.3.2)
p(HIV=V) p(1/=VIH)  p(H)

VjH and V]H are two random variables, the former corresponds to the
hypothesis H and the latter to the hypothesis H. If classifying a line
with H by mistake has more serious consequences than classifying a line
with H by mistake, this iIs taken into account by modifying the test
(3.3.2) toR > Rmi >1.

n

The difficulty with the Bayesian approach is to estimate the
distribution associated with 1/]JH and the prior probabilities p(H) and
p(H). I/H 1is the random variable corresponding to the error of
measurement, the distribution of which is supposed known. 1/1H depends
on the statistical distribution of the features of interest. The ratio
p(H)/p(H) is often intuitively estimated by the user (e.g- Rosin, 1988;
Dickson, 1990) which is dangerous as probability 1is not a very
intuitive concept. In order not to jeopardize the appeal of the
likelihood test, the definitions of the random variables 1/|H, V|H and
the values of p(H) and p(H) must be precisely defined.

The scene and the conditions of 1image acquisition are supposed
perfectly known so that the exact parameters of the features Fi and
their relationships may also be supposed known. Let Q be the set of
pairs of features 9 = (F ,F ), Q the set of pairs of features linked

by the relationship R, and the set of pairs of independent features.
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Then, V|H, V]H, p(H) and p(H) are defined by

n Card(% n

cardul) n and PED  cardcriy n
V.= VIH = W\, and v, =
p(Vi=V) = Pi (V) and b2

P1 is a sum of Gaussian functions centred at 0 and scaled by a
normalization factor, whereas P, is a sum of Gaussian functions centred
at points Sk = V(Fi,Fj,0,0), where (Fi,Fj) = Ji e E%- The density P,

may be written
p,MM =2q, Go’k v-S.)

where q 1is the prior probability associated with 3 e Q and G is
k
the Gaussian law associated with the measurement error. In fact, since

the scene is unknown, so are Q1 and %. If a statistical model of the
distributions of the features F_ and F_ is available and defined by the
density g(P), where P is the ;et of parameters corresponding to the
pair of features considered, then p2(Y) may be estimated by replacing
qj by g(P)d(P). Let g(S) be the density law associated with I/JH = S in
the absence of measurement error, then Js_ tg(P)dP = q(S)dS and p2

becomes
P3(V) = GO' (V-S) q(S)ds
S

As q 1is smooth, it is possible to approximate p~ by q (i.e. the
convolution of q by a Gaussian does not change @), which means that the
effect of the error of measurement 1is negligible compared with the

inaccuracy of the prior model.

The ratio R may be rewritten
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nlpxQ@)

N, p2(V)

The estimation of the ratio nl/n2 = p(H)/p(H) may be achieved as
follows. Let N be a subset of such that the probability of "(F~F )
linked by the relation K is not in N is small. N 1is the subset of
interest. N is the subset of N of features linked by H and N its
complement in N. Let nn, nnj and nn™ be the expected values of the
cardinals of N, N and N The probability for a pair of features

i i i i i = 2 -
S‘ke Qi’ with ie{l,2}, to be in Ni is jN.dgl Since nn X p(.k&Ni) :

nn n ‘JN % and nn = n, ‘IN dp2
As Q and N are known, n and nn are also known. From n1+£ = n and nn1+
nn, = nn, the ratio nlla is deduced :
ng nn - n dpa
(3.3.3)
n _
2 n IN dpi- nn
Note that theoretically, does not depend on the choice of N.
Practically if N = Q, this ratio is undetermined. If N contains very
few features of iInterest, i.e. dp® = 0, then the numerator and

denominator are negative, measuring a lack of features in N, a process
which is highly unreliable because of the existence of other
relationships among the features. If A" is a minimal subset containing
most of the features of interest, i.e. N. dp “ 0 and N, dp - 1, the
numerator evaluates the amplitude of the local event N , while the
denominator evaluates the remaining noise. This process 1is much more

reliable as it measures an event where it is most likely to occur.

The same definitions may be applied to any subset of Q, say A. For
example, it is possible to define A by fixing one of the features, e.g.

the vanishing point in the case of the line classification. The
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reliability of R measurement depends on the choice of the subset A. The
smaller the initial subset, the more efficient the test, as It takes
into account the specificities of the subset. The choice of A depends

on the relationship studied (R and on the model used.

This approach contrasts with Lowe’s approach (1985). Here, the
probability of occurence of R in £ (i.e. iIn the image) 1is deduced from
the comparison between the appearance of R iIn the image and its
accidental appearance in (i.e. in the prior statistical model of the
image), whilst Lowe defines it statistically as the frequency of
occurence of the relationship R among a set of typical images. Our
approach has the advantage not needing to refer to any specific set of

typical images.

A model of the distribution of the straight line segments into the
image has been used for determining A, p , p~ and n™/n™ in the line

classification stage (see chapter 5).

Adaptation of the LR test to the complexity of the image

The distribution of V , i.e. p , may often be approximated by a
uniform distribution around zero, the value of which is represented by

X. The likelihood ratio test is then

p(VIH) > r -P-ffi- = A (3.3.4)
p(H)
where A is related to the risk of rejecting H when H is true, called a

type 1 error.

If A2 is very small compared with A , p(H)/p(H) is very small and
the test is not selective, conversely if A is small compared with A®,
then the test is very selective. This means that if the segmentation
noise is low, 1i.e. the relationship R is generally fulfilled (e.g- most
of the straight lines iIn the image are parallel in the 3D world), the

errors are mainly errors of measurement (which can be dealt with by the
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Kalman filter) and the test may be tolerent, i,e. A is small.
Conversely if the noise 1is high (e.g. the lines searched for are
embedded in numerous other lines) it is necessary to be very cautious

about the line selection, i.e. A is large.

It is shown in appendix 3 that the LR test is more indulgent than the
MD test when the uncertainty of the feature is low and conversely when
it is high. The LR test appears to be an intermediate between the
neighbourhood test and the MD test. The LR test takes into account
uncertainty of measurement but also the risks of segmentation error due
to accidental configurations, 1i.e. the noise, by contrast with the MD
test. However it requires the modeling of the distribution of V|H and

the estimation of p(H)/p(H) (which is not always straightforward!).
Scoring process

Two features and are supposed to be linked by the relationship
P iaf

R > 1.

The higher the value of R, the higher the confidence of the

decision. The score associated with this decision 1is

R

pPEIV-W T
Once all pairs of features have been classified with H and H,
updating p(H) is possible, e.g. for scoring a class of lines associated

with a vanishing point. From the model described previously, It is

known that the set

VI = Y iR =V 5 LRV

has the density p(V) = pCHip~CV) + p(H)p2V)- p(H) and p(H) has been
estimated previously, using a global assumption on the repartition of
the noise. Now it 1is possible to refine these values by taking into

account the actual distribution of V[N), where N is the neighbourhood
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previously described. Let {x} be the set of possible values for
CardC™ )/Card(™) . Then,

p(®) = p(nn2=(1-£c)nn),

where nn is the total number of directions in N and nn2 is the number
of these directions corresponding to noise. Using Bayes’theorem the

density of probability p can be written
p(el V1 T ) BT . @G.3.5)
n ’

Using the decomposition of p(V. |&) over p(H), 1i.e. X, and p(H), 1i.e.
1-x, then

piVda:) = pCV™MH) (0 -1)x + D

where = p(W |H)/pVi|H) 1is the odds of VW. The events V being

independent, p(Vv ,—n,V ) is the product of the p(Vl|(;c). The

[
maximization of (3.3.5) is equivalent to the maximization of

6@) = n(CO -1)x + Dp(<c) (3-3-6)

The probability p(i) is maximum for xq = p(H), the prior probability of
H, and decreases as x goes away from X - Thus, the maximum of G, X is
reached around xq and may be found by a simple process such as the

parabolic approximation (Press, 1988).

Returning to the definition of p(H), p(H|1/1:\1/ ,--,Vn:Vn) =X
represents the expected percentage of pairs of features linked by the
relationship K, knowing Vl,— ,Vn. In the <case of the line
classification the score of a class represents the expected percentage
of lines in the iImage which are effectively parallel in the scene to

the direction associated with the class.
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Conclusion

A relationship between two features is hypothesized if the decision
variable associated with the relationship succeeds the LR test. The
quality of the test depends on the accuracy of the modelling of the
feature distribution. It has been compared to the neighbourhood test
and to the test based on the Mahalanobis distance. Its advantage over
the former is to take into account explicitly the uncertainty of the
measurement. Its advantage over both is also to take into account the
risk of mis-classification. Moreover, the approach enables a natural

scoring of the process.

3. 2.4 Application to map construction

Up to now the parameters of the 3D structures have been expressed
relative to the camera coordinate system. The best pair or triplet of
perpendicular directions is now chosen to be the new coordinate system,
the origin of the system being unchanged. The transformation for
passing from the old coordinate system to the new one is a rotation

around the origin.

Let VP and VPN be two viewpoints of the scene ; upside down
movement of the camera is discarded so that it is possible to have a
point to point correspondence between the vanishing points of both
viewpoints. The new 3D coordinate systems associated with VP and VP

are therefore parallel.

Matching of a similar rectangular structure in both viewpoints, e.g.
identical orientation, same ratio width/length and same range of size,
allows the determination of the relative scale of those structures and
thereby of the translation of the camera between the viewpoints. All
the structures may now be represented in a common coordinate system and

matching be propagated to other structures.

The result of this process is a number of structures represented in
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a unique coordinate system parallel to the principal directions and
with origin, say the optic centre of the first position of the camera.
Although the general scale of the map is not known, the elements of the
map are now consistently scaled. The scale of the representation can be
bounded if the focal distance and the depth of field is known. Scale
indetermination is broken once the scale or the depth of one

rectangular structure is known.

The model of the scene obtained may be identified to a CAD model. To
illustrate this point, it 1is converted into an object of ROBCAD
(ROBCAD 1is the CAD software used by EDF for robotics simulation). The

feasibility of matching such a model with PDMS database is discussed.

The 3D maps constructed from a range of viewpoints using monocular
vision give a description of the scene in terms of high level symbolic
primitives such as rectangles or vertices, but it is far from being
complete, its reliability may be low and the scale remains unknown.
However, it illustrates the level of interpretation achieved by the
construction of 3D structures and local configurations and demonstrates
the possibility of matching with a CAD database which takes advantage

of the fact that only principal structures have been extracted.

The 3D representation of the 3D structures eases the change of
coordinate systems and matching process, as it is a simple linear
transformation, and the intrinsic parameters of the structures are

directly comparable, e.g. orientation or ratio length/width.

3.2.5 Conclusion

The method briefly described in the previous sections is detailed in

the following chapters.

High 1level structures represented 1iIn the 3D space have been

constructed by First interpreting the perspective of the image, then by
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grouping the connected features. Relationships such as parallelism,
perpendicularity and connectivity, are tested by a likelihood ratio
test, to be used in a Kalman filter in order todetermine higher level

features. The Kalman filter maintains the uncertainty of the new
feature while the likelihood ratios provide a score reflecting its

reliability.

One of the main contributions of this work is concerned with the
statistical approach which is used throughout the process, avoiding as
much as possible arbitrary choices. This approach has led to the
definition of a new accumulator space for the detection of the
vanishing points and to a consistent methodology for testing and

scoring a relationship between two features.

The high level of the interpretation reached is demonstrated by the
construction of 3D maps using a number of viewpoints, without reference

to their relative positions.
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CHAPTER 4

PREPROCESSING

41 Overview of the feature extraction

The objects iIn the scene are represented by variations of grey level
in the image. However, a uniform part of the object generally does not
correspond to a uniform area iIn the image because of variations of
lighting in the scene. However the boundaries of an object are very
likely to be represented by sudden variations of grey level because of
change of colour between the object and the background or because of
the shadows due to the geometry of the boundaries. Therefore, the edges
appear to be very useful features for scene understanding. Various edge
detectors are described in section 4.2. They are first studied from a
theoretical point of view and then are tested on simulated and real
scene images. Then, an improved version of the Shen detector (1986) is

proposed.

Edges are still low Ilevel information. The shapes of man-made
objects are more efficiently described 1in term of straight line
segments or circular arcs, which lead to higher symbolic descriptors,
such as parallelepipeds or cylinders. Such shapes are very numerous in
the scene studied. Thus, the edges are Ffirst approximated by straight
line segments, then by elliptical arcs assumed to be the projection of

circular arcs in the scene (section 4.3).

Unfortunately edge detection is sensitive to noise. As a result real
edges are noisy and many false edges (i.e. corresponding to noise) are
detected. The polygonal approximation should be insensitive to the
noisy aspect of straight line edges, which is achieved by choosing
appropriate parameters. However this results 1in uncertainty of the
endpoints. The response of the edge detector and line finder is a main
issue for the evaluation of the reliability of the result. The response

to noise of various edge detectors and the Berthod line finder Iis
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studied iIn sections 4.2 and 4.3. Then the uncertainty of the endpoints

is modelled in subsection 4.4.1.

Another source of error, completely different iIn nature, is due to
the superimposition of the 2D projection of the segments of the scene.
The effect of this superimposition 1is unpredictable and is a major
difficulty for interpreting the scene. Segments may be adjacent in the
image without corresponding to adjacent segments in the scene. This
effect is considered as a type of noise, called the segmentation noise.
It may be taken into account iIn the interpretation process by
considering a prior distribution of the straight line segments in the
image. This distribution is meant to describe the accidental occurence
of various relationships in the 1image, due to the loss of one
dimension. A particular prior statistical model of the feature
parameters is described in subsection 4.4.2. This model will be used as

a reference in the following chapters.

The interpretation of angles in the image, particularly the angles
assumed to be the projection of right angles iIn the scene, requires the
knowledge of the intrinsic calibration parameters. The determination of

these parameters is the subject of section 4.5.

42 Edge detection

The boundaries of the objects in the scene are represented by
discontinuities in intensity in the image. The edge detection should
detect these discontinuities, which are localized at maxima of the
gradient of the image. Differentiation emphasizes noise, and numerous
false maxima may appear in the image gradient. Low-pass fTiltering is

required to decrease their number.

Two main approaches are classically opposed in edge detection
either maxima of the modulus of the gradient are searched for in the
direction of the gradient, or the zero-crossings of the Laplacian are
detected. The zero-crossings of the Laplacian include not only maxima
of the gradient but also saddle points and plateaux of the gradient;

however, they allow sub-pixel accuracy. Many researchers (Canny, 1986 ;
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Deriche, 1987 ; Shen, 1986 ; de Micheli et al, 1989) have preferred the
method of the maxima of the gradient because there are less extraneous
edges. This approach has been chosen here as it was not intended to

obtain sub-pixel located edges, at least in the first place.

Therefore, the problem is to find the best antisymmetric filter for
detecting the edges. First the shape, then the parameter of the filter
have to be found. According to de Micheli et al (1989), they are not
essential to the goodness of the result for indoor scenes, because of
the good signal to noise ratio of such images, even with an average
camera. The images studied here include many shadow areas, where the
signal to noise ratio is very lowv, so that the search for the best edge
detector is critical to the quality of the interpretation. It will be
shown that it is indeed difficult to conclude on the optimal shape of
an edge detector on images from real scenes, but that it is possible to
appreciate the differences between the shapes of various filters, and
still more between various parameters of the same Tfilter, by using a
theoretical approach illustrated by the response of the Tilters on
synthesized 1images. Three different shapes are compared 1iIn the
following, the Gaussian shape, Deriche’s filter (1987) and the
exponential shape (Shen, 1986). Then, an improved version of the Shen
filter 1is proposed, having the additional important property of
isotropy. For comparing these edge detectors, Canny’s schema is first
used, then extended by using three additional criteria describing the
round-up effect, the sensitivity to thresholding and the sensitivity to

multiple edges.

Canny (1986) proposed a convolution by an antisymmetric Tfunction
followed by the detection of the maxima, called non-maxima suppression.
Since u*g” = (u*g)’, the convolution by an antisymmetric TfTilter T is
equivalent to applying a smoothing filter g such that g’=f, and
computing the gradient.For choosing the appropriate filter the response
of the antisymmetric filters with a finite support to a noisy step Iis
studied. A real edge and a simulated noisy step are displayed in figure

4.2.1. The function optimizing the following product is looked for
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where £ is the signal to noise ratio and T is the localization of the
edge. In one dimension the larger the Tfilter, the better the signal to
noise ratio £ and the worse the localization. The optimization of £T
leads to a function T defined by a difference of boxes defined by
Herskovitz and Binford (1980). The definition of £ depends only on the
signal and the noise occurring at the very location of the perfect step
and not of the behaviour of the signal around this point. Actually, the
set of functions defined by a difference of boxes produces a multiple
response responsible for another type of noise, the parasite edge,
which is not taken into account by £T but which is taken into account
by the uniqueness criterion, defined as the inverse of the density of
maxima of a Gaussian noise filtered by f. Canny defines the optimal
filter with a finite support W, as the function optimizing P under the

constraint kW = 1/u0.

The optimal filter proposed by Canny has the form

") = (a1 sin(aé) + a cos(ax)) exp(wx) +

G% sin(ax) + a, cos(ax)) exp(-wx) + c".

In order to qualify the uniqueness of the filter, Canny introduces

the ratio n, defined as

n 17 (01 (4.2.2)

where S is the support of f. The ratio a is meant to relate the rate of
false maxima at the step location and the rate of false maxima far from
this step. This ratio is equal to 1 when the two events are equally
likely. Canny tried to choose n as close as possible to 1. In fact, for
the optimal Ffilter n = 0.57 (Canny, 1986) (here, the probability of

detecting false maxima is higher at the step location than outside).

Shen (1986), then Deriche (1987) have extended Canny’s approach to
infinite response filters, by using a recursive implementation of the
filter. They conclude on filters of different shapes. In the following,

the Canny, Deriche and Shen filters are first compared with respect to
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3 criteria, Z, « = 1/r and p, where p is the density of false maxima
at the step location, p instead of n is used for the uniqueness
criterion, because of its clear geometric interpretation. Only 2D case

is studied. In 2D case, pQ is given in appendix 7 :

@.2. D

where R(£) 1is the correlation function of the convolution product of

the noise by the filter, and p is given by eq.A7.13 :

p =PQ iv2n [c1 (erf(0 - 0.5) + exp(—-]-)) (4.2.3)

where £ = n Z Therefore, the higher n, the better the
result. There is no reason for limiting the value of n to 1. Then, it
is shown that these criteria are insufficient to characterize an edge
detector, and additional criteria will be used : the round-up effect

and the sensitivity to multiple edges and to thresholding.

Only the 2D case 1is considered in the comparison. First, Ilet us
shortly explain why the 2D case is really different from the ID case.
For simplicity, the filter is supposed with a separable kernel (defined
latter). The image is first fTiltered in one direction by a symmetric
filter (i.e. smoothing Tfilter), then filtered iIn the orthogonal
direction by an antisymmetric Ffilter, which provides with the value of
the gradient in this Ilatter direction. This opportunity of filtering
along the step, allows the noise but not the step to be smoothed.
Actually the central limit theorem shows that if the support of this
smoothing filter, assumed positive and symmetric, is included in the
interval [-n, n], then when n tends towards infinity, Z tends towards
infinity and p tends towards pQ which tends towards 0. As it will be
shown later on, the effect of this filter compensates the effect of the
antisymmetric Filter on the error of location o™ These remarks suggest
that, using a single step model, the larger the support of the filter,
the better the results for Z, p and two effects on which compensate
each other (in fact, <« decreases for the IEF and is constant for the

Gaussian and Deriche filters). This behaviour is different from the ID
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case where the better E, the worse the localization. This shows the
appeal of Shen’s and Deriche’s extension to infinite impulse response
filters. The limitations of the size of the support are due to the
finite size of the iImage, the presence of a number of edges and the
fact that edges are not always straight, e.g. the presence of corners.
Canny’s criteria are therefore incomplete for describing an edge
detector. De Micheli et al (1989) have studied in detail the effect of
the Gaussian filter on various types of corners or junctions. Here, for
shortness, the study is limited to rectangular corners. The response of
the filters is studied on crenellated and stair steps (figure 4.2.2).

Then the effect of the thresholding is discussed.

Canny proposed to approximate his optimal Ffilter with support
W maximizing the uniqueness criterion n by the derivative of a Gaussian

function

OO = -——— exp(- - — ). (4.2.4)

V2n a% Zqu

where a”™ depends on W.

For the extension to the 2D case, one should consider that the
convolution by f(xX) is equivalent to a convolution by g(x)followedby
the calculation of the gradient. The 2D form of a filter isobtainedby
considering the smoothing filter G(r,0) = g(r), where g’ (r)=Ff(r) and
(r,0) are the polar coordinates. First, the image is convolved by G,
then the derivatives in both directions x and y enables the modulus of
the gradient to be computed. If the kernel 1is separable iIn x and y
where (X,y) are the Euclidean coordinates, 1i.e. G(r,0) = GX(x)Gy(y),
then the gradient in y direction of the image filtered is given by the
convolution of the image by f(X,y) = Gx(x)*G’QD, which is
computationally much more efficienz- The advantage y;f the Gaussian
filter is to be separable (Canny’s 2D optimal filter is not separable).

In the following, only the 2D case will be considered.

Remarque : For extending their filter to the 2D case, Deriche and Shen

directly used the convolution by g()*f(y), which in general does not
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correspond to an isotropic smoothing filter (see later).

REAL EDGE SIMULATED EDGE

Figure 4.2.1 : A real step and a simulated noisy step

Figure 4.2.2 : A crenellated edge and stair steps

The variance of the noise after filtering is equal to R(0) RE&E) is

the correlation function of the filtered noise and

is given in appendix
7 by eq-A7.8), then 2 is deduced

2
o

RO =— |, 2 =2 2
© 4 f 0
lO-f

(4.2.5)

where a;] is the standard deviation of the initial noise and 20 is the

nitial signal to noise ratio.

The uncertainty a of the edge location is equal to the inverse of

r = AQF*(0)]/V-R"(O)" (see Iin
initial magnitude of the step. Let

the localization criterion (Canny, 1983),
appendix 7, A7.14), where Aq is the

o be the standard deviation of the initial noise, a 1is equal to

0, (4.2.6)
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The density p of parasite maxima around the step is given 1In
appendix 7 by A7. 13. It decreases as £ increases, i.e. as a™ Increases.

It is propotional to po which is equal to

2n a (4-2.7)

However, the previous analysis considers a perfect infinite length
step. The response is in fact different near the corners. At a
rectangular corner, say at (0,0), the response to a step with a

magnitude equal to Aq is

G(X,y) =—-— / F2(/cr dexp(y2/a2) + F2(y/cr Jexp(-x2/a2)
V2n 4}/ T T T T

where F(X) = 0.5 + erf(X).
If x =y =052d then G = 0.87 A G is the maximum gradient
t max max - 5
along the diagonal’,

if x = 1.3 a and y = 0 then G = 0.95 A.

The Gaussian edge detector rounds off the corners and decreases their
contrast as & 1increases. In the following, the value of x when y = 0,
such that G/A = 0.95 1is considered as a longitudinal error e. The
round-up effect is measured by x =y = p, corresponding to the maximum
of the gradient along the diagonal.

n

A mulpiple edge 1is defined by AO ijén %Flf where hi is the
heaviside function located at id and e is equal to #1, depending on
the sense of the step, d 1is the distance between two consecutive

steps. The signal to noise ratio is

By Tiitns (expC Ig ’ ) - exp (---(-22;i'-+-l-)-d-2) ’
" @i+1)d* Gi+1)d"
ifiti @QET ) - eweeT
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IT &>2<rf, then it may be approximated by

Zg« @+ (¢ ) e¥p (2-—cIr ) Z (4.2.8)
T

And the uncertainty of the edge point becomes

V R" (0T
>t AO If’ (0)+ (el+_el )f’ (d) + _+ (en+e_n)f, (nd) I (4-2_9)

where () = (0@ -——) exp(-—— ) ; T (pd) tends towards 0 with
a. a.

1/p. It appears that the fresponse o: the edge detector depends very
much on (e|+_ei )- In the case of the Gaussian filter if (ci+_ei ) = 2
(i.e. crenellated edge) then the signal to noise ratio is worse than
for the single step model but the localization of the edge is better,
and conversely with (e”e M = 2 (i.e. stair steps). By similarity to
Canny’s criterion Zr, the response to multiple edges for d>2crf may be

qualified by the product
= Z.r.  « At 2/ar°°f(x)dx//(4)C*f(x)dx)(1 = 2F7(d)/f°(©)) Sr (4.2.10)

In the case of the Gaussian filter and dsZcrr

* 2 ,2 rj

Py« @x2exp-- NA * 2(1-'—2 doxp(- =, N 4 (==<rz2 (4.2.11)

o T M
Actually, in the case of a crenellated edge, the signal to noise ratio
is lower than in the single step model, but the localization is better,
and conversely for stair steps. In the case of stair steps then P+d<PQ>
but in the case of crenellated steps if d/cr >2, then P >P . Notice
that to study the case d/a”™<2 more terms should be taken in the product
(if n=1, there is an inversion of the sign of the step magnitude for
d/o" small, which 1is natural since then the crenellated edge may be

seen as a perturbation at the Ilocation of an edge with a magnitude

Once the non-maxima suppression has been performed, many noisy edges
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remain in the image. Let A be the magnitude of the filtered edge, the
thresholding is defined by

A £ tvOT) =T, “.2. 12)

where t is the lowest signal to noise ratio accepted and depends on the
probability x that the grey level A in the filtered image may be
produced only by noise. Considering the number of points in an image,
it Is necessary to give the probability x a very small value, such as
0.0001. The value of T is linked to x iIn the following way : since
A /R(0) 1is a distribution function of a k law with two degrees of
freedom, t is equal to V-2Ln x , which leads to the following value of
T for a normalized Tfilter, 1i.e. such that A = A0 so that R(0) =
dh/(Z(ﬁs),

T= g5 - (4.2.13)

The effect of the thresholding is to split some edges. For example,
if an edge has a magnitude equal to Aq, corresponding to a magnitude

equal to A after filtering (A = Aq iIf the filter is normalised), and if

T = A then the average Ilength of the missing parts is given by
(A7.11)

IO =V2n O¢ “.2. 19
Segments with a length less than are more likely to belong to edges

with an initial magnitude inferior to A . Besides, small segments are
associated with a high uncertainty on their slope and are of little use
for perspective interpretation. Therefore segments with a length

inferior to IO are eliminated,

Thus, in the 2D case of a perfect straight line step, because of the
conjugate smoothing effects along and across the step, the localization
is independent of the parameter a®, and the signal to noise ratio Z,
the average length after thresholding and the density of maxima p

are improved if o is larger. Considering only Canny’s criteria leads
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to the choice of the largest cconsistent with the size of the image.
However, the round-up effect increases with o'f, while 1its response to
multiple edges decreases. Therefore, the optimal parameter 1is the
largest one such that the round-up effect and the response to multiple
edges with a minimal distance apart d, depending on the type of the

images processed, remains acceptable.

Deriche (1987) extends Canny’s approach to infinite impulse response

filters. Using the same criteria as Canny, the optimal solution is

fx) = sin(wx) exp(-al]x]) (4.2.15)

When w 1is very small, the filter becomes f(xX) = -cx exp(—«x|x])-. This
filter provides a much better value for ST but a slightly smaller value
for n than the Gaussian Tilter in the ID case (r is defined in appendix
7 and 1is related to p (A7.13)). However, Deriche shows that it is
possible to have an exponential filter for which both values (2X and n)
are above the values corresponding to the Gaussian Ffilter. For applying
the filter to a 2D signal, asmoothing TFfilter Iis used h(Xx) =
k(I+a|x]exp(-ax), so that the y gradient is obtained by convolving the
image by h(x) in the x direction and by f(y) in the y direction.

The same analysis as for the Gaussian Ffilter gives the signal to

noise ratio and the transversal uncertainty for edgesparallel to x
and y
L = — Z c = 7f-/Z . (4.2.16)
/5a ° t 8 O

Actually Z depends on the orientation of the edge and decreases to vTOl
SQ”a when the angle between the nearest axis, Ox or Oy, and the edge

increases to n/A.

The density of false maxima p around the step (A7.13) is
substantially higher than in the case of the Gaussian filter for the

same Z/Zo because of the value of Py

a VS

o 2n (4.2.10
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The effect on corners depends on the orientation of the corner
because this filter is not isotropic. For a corner, the edges of which

are parallel to the x and y axes, the response is

G=A/ K3 (x) K%(y) + K%(y)ZKZ(x)

where KM(X)

K2k )

1 - C+a|x]exp(-alx])/4 and
(I+a]x])exp(-alx|)

If x =y =p =0.73/a then G =0.8A
ify=0and x =e=3.20oc then G = 0.95 A

The response to multiple edges is given by

Py = @ * 2(1+ad) exp(-ad))(1 * 2(1-ad) exp(-ad)) ., E2  (4.2.18)

Actually, as for the Gaussian filter, the signal to noise ratio of the

Deriche filter is better but the localization is worse in the case of

stair steps than for the single step model ; conversely for the

crenellated edge. However, here P-d<P0<P+d’ whilst for the Gaussian and
i i <

the Deriche filters P-dP+d Pg-

The threshold T associated with t for a normalized filter is
T = \/-2Ln"'r o o" (4.2.19)

The average length of the segments (or missing parts) after

thresholding at the step magnitude A is

i = - (4.2.20)

Also referring to Canny’s criteria, Shen (1986, 1990) extends the
initial set of functions not only to infinite impulse response but also
to discontinuous functions at the origin. The vresulting optimal

function is the derivative of an exponential
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f(xX) = sign(x) C exp(-alx]) and h(xX) = k exp(-ax) (4.2.21)

The signal to noise ratio after TfTiltering depends on the direction
of the edge. Assuming the edge parallel to one of the axes, the signal

to noise ratio is equal to

7 = (4.2.22)

For an edge forming an angle O with the nearest axis, 0\0"7r/4, Z should
be replaced by Z/(cos O+sin 0) . Therefore, the signal to noise ratio
varies between V2 ZO/a anod 2Z /a with respect to the orientation of the

edge.

The discontinuity at the origin prevents the use of the Taylor
Lagrange development. Two cases should be considered : whether the
zero-crossing is at the step location yQ or it is delocalized. If
yit yQ, then the Taylor-Lagrange development may be used again, but
introduces a bias due to the fact that f(0+) * 0. Thus, three
populations of £ = y”~y exist, one population at =zero, and two
populations centred at +E(£]£>0). The probability of £ to be zero is

Z
p(0) =2 erf(- ) (4.2.23)

Ya
Thus, the smaller a, the higher the probability to detect the edge at
the proper location. Assuming an edge parallel to one of the axes, the

expected value and the variance of £ when £>0 are

E(E50) =- var(E >0) = —— (4.2.24)
a Z%

Therefore, the smaller a, the larger E(£>0) and the larger
E(£>0)/Vvar(£>0)’, which means that if £*0 and a small enough, then £ is
very likely to be far from the edge and therefore corresponds to a
noise maxima which is eliminated by thresholding. Thus, conversely to
the Gaussian and Deriche filters which keep the localization constant,
here the smaller a, the better the localization and the smaller the

risk of multiple edges at the edge location. Moreover, the localization
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increases very rapidly with the initial signal to noise ratio, much

quicker than for the other filters.

If a is large, say a>S%, then the probability of not detecting the edge
at the proper location but at is no longer small. Since £ always
exists, when £*0, |£] is likely to be small, corresponding to a signal
close to £, then the edge is wrongly detected at Therefore if a is

large, the variance of the edge location is estimated by

af= (- _+ DW2erf(—5 )
akt a va
o
This gives <-0.57/E~, when a=7Z~. Therefore the Ilocalization is still

good, but the risk of multiple edges at the edge location is high.

The density of noise maxima when a is small enough 1is nearly

constant and equal to

Actually, the discontinuity at the origin 1is theoretical and in
practice pQ decreases slowly with a. However, Tfor the parameter a in
the range [0.25, 0.5], the above value of u.0 has been checked
experimentally. This relatively small value of pQ is compensated by the

value of equal to

so that if a is small enough, the density p of noisy maxima at the edge

location is small (see figures 4.2.3 and 4.2.6).

The response to a rectangular corner with the edges parallel to the

axes 1Is

£ = £q /7 K?O) KMY) + KMY) KO

where KMixX) = 1 - exp(-a]|x])/2 and
K2 ) = exp(-alx])
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=
X
1

y=p=20 then G =0.5A

ify 0O and x = e = 2.3/a then G = 0.95 A
Thus, for such corners, there 1is no round-up effect with the Shen

detector but only a loss of contrast.
The response to mutiple edges is

P’id = (1 £ 2 exp(-ad) + 2 eX[')F(—ZCCd)i -n exp(-nad))?2 = EO/(:rt (4.2.25)

IT exp(-naci) is small then

2 exp(-ad)p 2
pd = A 1 I+exp(-ad) a Eo/<rt (4-2.26)

The estimation of P+d is limited by the difficulties for estimating tr,
however it can be seen that, in the stair case, it tends towards
infinity when a tends towards zero. Actually, in this case both signal
to noise ratio and localization are better than in the single step

case. In the crenellated step case, when ad tends towards zero, then

pow (4.2.27)

As O tends towards =zero with 0.5—erf(EO/Va), R—a tends towards
infinity when a tends towards zero. However it has been seen that a
cannot be too small. Moreover P_d: k(a)P0 when k(a) tends towards
zero with a. Actually, in this latter case both signal to noise ratio
and localization are worse than in the single case but still they are
better when a 1is relatively small. The response of the exponential
filter to multiple edges works conversely to the Gaussian or Deriche
filter with respect to stair steps or crenellated steps. Actually, if a
is small enough, then the location of the edges using the exponential
filter is always good, only the signal to noise ratio of the
crenellated edge tends towards zero (and thereby the density of false

maxima at the edge location increases). Notice that here P P is not

upper bounded by PZ, conversely to the Gaussian and Deriche*s filters.

The problem of Shen’s detector is its strong anisotropy. However,
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the fact that @ and the signal to noise ratio tends toward O with a,
is mainly responsible for most other properties to improve when a
decreases, which is very attractive. Therefore, an isotropic
exponential Ffilter has been searched for. It is given by the smoothing
filter

f(X,y) = K exp (-a v42+ y2) (4.2.28)

which leads to the gradient operators in the x and y directions

Gy

- —GX exp (-a Vx2+ y2)
[l 2
Ty (4.2.29)

L CAY)) - - — exp (-a Vx2+ y2)

£ il

These 2D masks give excellent results, but they are not separable and
hence are computationally very expensive ; moreover a small value of a
substantially reduces the size of the 1iImage processed. Part of the
appeal of the Shen detector is its recursive implementation, resulting
in a fast algorithm, independent of the value of a. An approximation of
f; and f; in the form of separable kernels which could use such an

implementation is looked for.
f; =g =¢C C>exp (-a” IX] - a”"lyD) (4.2.30)

with e = 1 if x*0 and -1 otherwise. The response of g, along an edge
X

with the direction 0 is given by

A =A / A2 + A2
o] X y

where A = A, (1 S N——
and A =A (1 e
y 0 a’+ a''cotan O
a' = a” is the Shen detector

If &' N~ 2a’, then A, decreases from 1, when 0=0, to A ,
0 77/4

/4, and then increases up to 1, when 0 = n/Z. If a'>2a, three extrema

when 0 =

- page 98 -



Chapter 4

appear in the range 10, n/2[.

/
Now, if a" = 2a’, then V/ —g:—AO n 0 n Ao' Thus, compared with the
Shen detector, the anisotropy has been drastically reduced. The signal

to noise ratio of the filtered image is

Z « a ZO (4-2-31)

It gives the same signal to noise ratio as fX’ for o = ocN2. The

probability of locating the edge with an error equal to zero is
z
p(0) =2 erf(—- ) (4.2.32)
V20T

The response on a rectangular corner 1is

Z =2,/ K2 KZ®) + K2, K2

where KM(X)

K2k )

1 - exp(-2a’ |x])/2 and
exp(-a” Ix])

IT x =y =p =0.0887a" then Z = 0.61 Z0

ify=0and x=e = 1.15/a” then Z = 0.95 ZO

Thus, a slight round-up effect p is introduced but with a smaller

longitudinal error e.

The threshold associated with the risk t for a normalised filter is

T = V-2Ln x -— o (4.2.33)
V2 n

The average length of an edge segment when thresholding at A is

i n (4.2.34)

2V2uT
The value of is very low (see figure 4.2.3). This means that edges
such that Z <E are very likely not to be detected at all or to have

a very small length and thereby will be eliminated (in that case
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%ﬁh>%)’ because small segments are associated with too large an
uncertainty to be taken into account in the interpretation process). As
a result false edges are very unlikely. However, it also means that
significant edges may be broken into small segments, which Iis
unacceptable. Let T be the threshold applied to the filtered image, |1
the average length of the segments detected, and the average length
of the gaps between the segments, from eq. A7.10 and St = 2/il+l), it
may be shown that the average length i of the segments of an edge such

that A>T is lower bounded

2
1 >* @ “ P"-1ETOT1 - 11 t4-2-35)

For example if d; =4, a’ = 0.2 and A = T+l, then H>20-6 (in the case
of a Gaussian filter with 0%52- then £I>20.4)- Therefore, a small value
of £ is compensated by a large signal to noise ratio. This also
suggests that T may be smaller than with the Gaussian or Deriche
filter, i.e. the risk of false edge detection x may be larger, as the

noise is very likely to be eliminated by the further constraint IA%ﬁn

Thus, the Shen edge detector has been improved by changing the ratio
of the parameter of the smoothing Tfilter to the parameter of the
gradient filter. The filter is now isotropic and it keeps all the good
properties of the Shen detector for edges parallel to the axes. The
implementation is the same as the Shen detector, which means it Iis
fast, 1independent of the value of a and it does not vreduce the
processed part of the image. This allows choice of a very small value
for a, which gives altogether a very good signal to noise ratio, a very
good location and a small density of parasite maxima p without
substantially increasing the round-up effect or worsening the response
to multiple edges (actually it improves the response to stair steps).
Therefore, the value of a is only limited by the acceptable round-up
effect and the size of the image (if a is too small, the response is
not homogeneous over the 1image). Let us remember that the good
properties of the isotropic exponential filter (IEF) only holds if a is
small. For large a, it is worse than the other filters studied with

respect to nearly all the criteria adopted. The value of a from which

- page 100 -



Chapter 4

IEF is competitive is difficult to make explicit because of the
difficulty arising from the discontinuity at zero. But such a

difficulty is not a good reason for discarding it as an edge detector.

The Gaussian filter, Deriche filter and IEF have been compared in
figure 4.2.3 with respect to a number of parameters : the signal to
noise ratio E, the standard deviation of the error of localization a ,
the density of maxima at the edge location p, the round-up effect at
rectangular corners p, the expected value of the missing part near a
corner estimated by e+"/2, and the average length after
thresholding at A, and the response to multiple steps (G units apart)
given by m = P& /P2, for an initial signal to noise ratio equal to 1.
For proper comparison, the signal to noise ratio is identical for all
the Filters.

E Gt P P e+f0/2 I0 m
Gaussian 2.0 4 0. 61 0. 009 1 7.4 8.9 0. 77
Deriche 0.85 4 0. 28 0.03 0.86 6.4 7.4 0. 97
IEF 0.35 4 =0.5 0. 01 0.25 4.2 1.9 0. 76
Gaussian 3.5 7 0.61 0.00001 1.75 12.3 15.6 0.39
Deriche 0.5 7 0.28 0.0017 1.46 2.7 12.6 0.74
IEF 0.2 7 =0.2 0.0005 0. 44 7 2.5 0.5
Figure 4.2.3 : Theoretical comparison of the Gaussian, Deriche and IEF
filters

The localization of the Deriche edge detector is better than the
localization of the Canny edge detector, but the density of parasite
maxima 1is worse Tor Deriche’s than for Canny’s detector. The other
criteria have approximately the same magnitude, so it is difficult to
conclude for anyone of these filters. The choice of the right parameter
has been proved to be much more important than the choice of the filter
and depends on the type of the image. Actually, the parameters cy=3.5
for the Gaussian fTilter and 0};0-5 for the Deriche filter are not
commonly used for an iImage 256x256,but have been tested for several

reasons. Firstly for showing the variations of the filter behaviour
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with the parameter and secondly for completness of the comparison with
the |IEF filter. For such values, is very large which 1is a
disadvantage as it means that the expected length of a missing part of
the segment is large too. To decrease the threshold is not necessarily
the answer, as the number of noisy edges with a significant expected
length may still be extracted. The IEF filter behaves differently than
the other filters because the increase of the signal to noise ratio
only produces a small degradation of the corners and of the response to
multiple edges, moreover remains low. Conversely to the other
filters with the same signal to noise ratio, a=0.2 is meant to be a

usual value.

Thus, the Gaussian and Deriche Ffilters with usual parameters (e.g- <r™l
or a=1) give good results for multiple edge detection and preserves
corners but have poor Z and p iIn presence of noise ; whereas the IEF
with a’=0.2 still gives reasonable results for multiple edges and
corners and has good Z and p in presence of noise. This suggests that
the IEF is particularly appropriate to noisy Iimages. The recursive
implementation of the Deriche filter and the IEF 1is an important
advantage as the corresponding algorithm is fast and does not truncate
the image (The IEF is faster than the Deriche filter).

The four filters, Gaussian with ¢ = 3.5, Deriche with a = 0.5, IEF
with a” =0.2 and IEF using the 2D masks (eq.4.2.29) with a = 0.3 (they
all correspond to a signal to noise ratio equal to 7Zq), have been
tested on a simulated step image. Two rectangles representing step
edges iIn 8 directions have been superimposed with noise so that the

0
4.2.4). All the filters have been normalized so that A = AO, in order

initial signal to noise ratio is equal to 1, i.e. A = crn = 16, (Figure

to give comparable results. Figure 4.2.6 shows the response of the edge
detectors and figure 4.2.7, the effect of a thresholding to 2-1. The
recursive version of the IEF appears to be an excellent approximation
of the 2D IEF. The texture of the noise is remarkably different using
the Gaussian filter or the IEF, illustrating the different values of
PQ, although the value of p are almost comparable. Considering that the

localization is limited by the uncertainty of the edge location due to
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the digitization, the experimental results are consistent with the

theory.

Another test iImage (figure 4.2.5) representing crenellated and stair
steps distance d = 5 apart, have been used to test the response of the
edge detectors to multiple edges. It may be noticed that the
localization 1is very good with the IEF, although the E of the
crenellated edge is lon. As expected, the stair 1is completely
delocalized with theGaussian and the Deriche Tfilters but is well
detected with the IEF.The Shen detector with @« = 0.3 and the IEF with
a’ =0.2 (same signal to noise ratio) have been compared on the

image 4.2.4, the results are displayed in figure 4.2.8.

The three edge detectors, Gaussian 3.5, Deriche 0.5 and IEF 0.2,
have been testedon an image of an 1indoor scene of a power plant
(figure 4.2.10). The thresholds have been computed, using the value of
o'n estimated as follows. The value of (nrhas been estimated on the
image TFTiltered (before the non maxima suppression has been performed)
on large uniform areas, selected by hand. This process has been
performed on three different images and on various parts of the same
image. The uncertainty of the various areas has been shown to be fairly
uniform, iIn the range [3.0,5.0] and the expected value of o'n has been
fixed to 4.0. The results are displayed in figures 4.2.11 to 4.2.13.
The results are roughly comparable ; however it may be noticed that the
rectangular texture of the grid at the front is only detected by the
IEF and that it is an important feature for determining the direction

of the camera in the scene (i.e. the location of the vanishing points).

Figure 4.2.4
(Grey levels
black).

First test image Figure 4.2.5 : Second test image
0-3 : bleu; 4-7 : pink; 8-11 : red; 12-16 : violet;>16
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Figure 4.2.6 Comparison of edge detectors on the First test image

Figure 4.2.7 : Image displayed in figure 4.2.6, thresholded at E-I.
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Figure 4.2.8 : Comparison of edge detectors on the second test image

(Grey levels identical to figure 4.2.6)

Figure 4.2.9 Comparison of the Shen detector (a=0.3) and the IEF
(@’=0.2). (Grey levels identical to figure 4.2.6).
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Figure 4.2.12

: Deriche’s detector

a =0.85
(Grey levels

Figure 4.2.13 :

identical to figure 4.2.6)
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Canny’s approach has been used for comparing three different shapes
of Ffilter for edge detection. It has been shown that Canny’s criteria
are not sufficient for describing an edge detector and that additional
criteria were necessary, such as the round-up effect near a corner, the
response to multiple edges and the sensitivity to thresholding. It has
been shown that the choice of the parameter has more influence on the

chosen criteria than the choice of the shape of the filter.

An improved version of the Shen detector, the IEF has been
described. This edge detector has been proved to have iImportant
advantages when using a small value of the parameter a : the signal to
noise is high while the uncertainty of the edges is very low and tends
rapidly towards zero when the initial signal to noise ratio increases,
even for multiple edges ; the density of noisy edges at the edge
location is very low, it does not round-off the corners and it produces
very Tfew false edges because of the low value of An additional
advantage is its recursive implementation, which gives a fast algorithm
which does not truncate the borders of the image. The Shen detector
fulfilled all these properties for vertical and horizontal edges, but
it Is not isotropic, when the IEF is. The IEF has been shown very

appropriate to noisy images.

Remark : all computations have been performed in floating point and the
non-maxima suppression has been performed using an interpolation

between the eight neighbours.

4.3 Line and ellipse finder

The scenes studied are mostly composed of simple geometric shapes,
such as rectangles (e.g- the walls) and cylinders (e.g- the tanks). The
representation of the scene using such shapes is very efficient, and it
is also the representation used for CAD databases. It is necessary to
extract their projections iIn the image. This includes the extraction of

straight line segments and elliptical arcs.

A very popular method is the recursive segmentation of the connected

edges. A chord links the endpoints of an edge which is then split at
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the point of maximum deviation, when above a threshold. The
difficulties of this method 1is the instability to noise as a small
perturbation may produce a global change, and the fact that the
detected segments are not the best approximation in the least mean
square (LMS) sense. Once the segmentation is stable, it is possible to
compute the LMS approximation, but the determination of the new
endpoints is still a problem. Either the connectivity may be

jJeopardized, or the endpoints may be far from the actual ones, e.g. 1iIn

the case of adjacent segments with an acute angle.

A similar method 1is used by Lowe (1985), but there 1is no
thresholding on the deviation. An edge is split into two edges when the
significance of the edges increases. Rosin and West have extended the
method to circular arcs (1988), which then are used to find elliptical
arcs (1990). A sequence of straight line segments is hypothesized to be
an arc. A significance measure 1is associated with the arc, if it is
lower than the significance of the corresponding straight lines then
the hypothesis fails. The result of the algorithm 1is the set of
straight line segments and selected arcs. These methods are invariant

to scale and require no arbitrary thresholds.

Another method inspired by Sklansky and Gonzalez’s work (Sklansky,
1980) has been developed by Berthod (Ayache, 1988). Let {MO,— ,Mn> be
the sequence of points to approximate. The sectors with summit Mg,
axis MOMi and angle 0i are considered. The intersection of this set of
sectors is a sector with an axis closer to Mgvw i1f the sequence
{Mo,—p,M > is closer to a straight line. |IT (MerI -~ , Mq> is another
straight line, the intersection of the sectors C ,-.,C 1is empty. Let
Dk be the intersection of all Ci, with 17k and Idk itsq axis, and let
(Mo.MJ) be the axis of the last cone Cj such that Cia a Cj*O and
Cla a Cj+|=0. The First minimum d(Mk,dk) of the distance from a point

of the sorted set (M, - ,Mg) to d™ determines the splitting point, M.
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Figure 4.3.1 : Principle of Berthod’s algorithm

Unfortunately, too little information is available on the
implementation of Berthod’s algorithm to make a serious analysis (the
algorithm 1is NOESIS’s version (1988) and the source code is not

available). An experimental study has been done instead.

On the one hand, the choice of the parameter CQ=i0i1 has to be done
in a way consistent with the error « of the edge detector, in order
not to produce numerous small segments which would be useless. The
maximum deviation between the straight line detected and the edge is
upper bounded by 2£ . The expected error is given by 4.2.6 and
4. 2. 4. Therefore should be much higher than ¢t iIn order not to break
straight line segments. On the other hand, it should not be too high
such that it is not responsible for too large an error on the end

points.

The main source of error is splitting errors, 1i.e. the line finder
splits the curve at the wrong locations. For example, it may be due to
a local perturbation or a rounded corner. Figure 4.3.2 shows how a
small 1local perturbation may affect Berthod’s line Tfinder. In that
case, the noise cannot be considered as Gaussian noise with a zero mean
on the corresponding part of the edge. In this type of configuration a

systematic error on the endpoints occurs, which is bounded by 27q.
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Approximated line
Initial line

Figure 4.3.2 Effect of a small perturbation on Berthod’s line finder

Therefore, if a straight line segment is an approximation of a
segment within a straight line edge, e.g. an edge broken because of the
thresholding on its magnitude, then the transversal uncertainty of the
end points should be a™ On the contrary, 1if a straight line segment
approximates the end part of the straight line edge, the transversal
uncertainty may be as high as 27q. This latter error 1is more likely
with long segments, as long segments are likely to correspond to a high
signal to noise ratio and thereby have their connectivity preserved. As
long segments play an important part in the following chapter, it is
important to keep relatively small. Thus, a trade-off must be found
between the break-up effect produced by too small a value of C™ and

splitting errors bounded by £ .

Let us remark that a LMS approximation of the segment after the
splitting stage would have substantially reduced the effect of the
splitting error. The endpoints are then defined as being the orthogonal
projection of the real endpoints onto the straight line segment. But at
the time this work began, the loss of the connectivity due to this
latter stage seemed a serious drawback and, moreover, this option was
not available in our current implementation. Now, as the connectivity
of the segments has not been directly used (but only through a
proximity criterion), the LMS approximation seems to be a necessary

improvement for the future.

Berthod’s algorithm with the parameter £ =1.5 has been tested on the
test picture used 1iIn section 4.2, using the three edge detectors

studied in this previous section.
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Figure 4.3.3 : Berthod’s line finder results on a test image

Berthod’s and Lowe’s algorithms are compared in figure 4.3.4 and

4.3.5 on a real image.

Figure 4.3.4 : Berthod’s line finder Figure 4.3.5 : Lowe’s line finder

For practical reasons, Berthod’s algorithm has been selected for the
detection of lines iIn most of the images processed here. A more serious
analysis of the existing Uline finders and the research of the
appropriate criteria 1is necessary for improving this stage of the
processing. However, the existing detectors could be improved by using

a LMS approximation of the detected segments.

The smallest straight line segments extracted by the line finder are
discarded, because they are too numerous and the direction Iis
unreliable. Let irain be the minimal Ilength allowed, 1 _ is Ilower or

min
equal to Io’ where Io is defined iIn section 4.2.

In Rosin and West (1988) the algorithm has been used when
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significant elliptical arcs were expected in the image. Large ellipses
have been missed because of various distortions (camera distortion,
aggravated by noise). Others have been missed because of the poor
connectivity of the edge detected. Current work is being undertaken to
estimate the uncertainty of the approximation and to group unconnected

edges for hypothesizing an elliptical arc (Ellis et al, 1991).

4.4 Statistical model

4.4_.1 Modelling of the measurement error

The first source of uncertainty is the difference between the real
scene and the symbolic representation describing this scene, e.g- CAD

representations.

The second source of uncertainty comes from the image acquisition,
digitization and preprocessing process. The acquisition of the image is
modelled by a pin-hole perspective model. This does not take into
account the possible distortions of the image caused by the lens. The
Gaussian filter has an accuracy limited by the value of the parameter
af of the Gaussian Ffilter (section 4.2). The line finder may introduce

non-negligible errors for the slope of a segment.

To clarify, let us assume that the camera calibration parameters are
known (though unnecessary for the vanishing point detection) and the
ideal representation of the scene is also known, e.g.- in the form of a
CAD description. The error of an endpoint location is defined as the
difference between the observed end point location, and the projection
of the corresponding ideal end point in the scene using a pin-hole

model (for which the parameters are known).

The sources of the uncertainty are various and difficult to quantify
at times. However it has been seen how to estimate the uncertainty

caused by the edge detector and the line finder.

The most obvious source of uncertainty is due to digitization. Let

yQ be the Ilocation of the digitized edge on an axis perpendicular to
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the edge. The original edge 1is equally likely on [yQ-a,yo+ta], with
a=0.5 if the edge is vertical or horizontal and a=0.7 if the edge is
along a diagonal. As the directions are assumed equally likely the
expected value of the error of an edge location due to digitization is

approximately 0.35.

The errors due to the edge detector have various causes. The Tfirst
cause 1is the lack of localization of the edge, which is measured by
Canny’s criterion T. The second one is the bad connectivity of the
edges due to the threshold on the maximum of the gradient. As a result
part of the edge is missing. This is integrated in the modelling in the
form of the uncertainty of the endpoint 1in the direction of the
segment. The third cause 1is the bad response to high curvature
features, such as corners. The last cause is the presence of parasite

edges.

The errors due to the line finder is break-up, which produces small
segments which are then eliminated, and splitting errors, e.g. at
corners. As the small segments are eliminated, parts of the edge are
missing and this 1is represented by an uncertainty of the endpoint in
the direction of the straight [line segment. Splitting errors are

responsible for an error in the transverse direction of the segment.
Eventually, the endpoint uncertainty is modelled by a Gaussian law
with its main axes parallel and perpendicular to the straight Iline

segment. The transverse uncertainty 1is aQ and the longitudinal

uncertainty is (see figure 4.4.1.1).

Figure 4.4.1.1 : Model of the endpoint uncertainty
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The value of ag 1is lower bounded by the digitization error. It
depends on o, p, ~ and errors more difficult to quantify such as the
lens distortion. Moreover it should take into account the error due

to the difference between the geometric model and the scene.

The definition of the transverse component is trivial, but the
definition of the longitudinal component 01 is not. First, the use of
this uncertainty has to be defined. As reported several times in the
previous sections and chapters, a major difficulty is to extract
information from the connectivity of the segments. Through edge
detection, thresholding and the line finder, the connectivity of the
segments may have been lost. This is not crucial for the interpretation
of the perspective, but it is essential to the construction of higher
level primitives such as rectangles. Therefore a should represent the
standard deviation of the missing parts, 1i.e. gaps due to thresholding
plus eliminated small segments, 1in order to guide the construction
algorithm of the 3D primitives. This error should not take into account
the relevance of the connectivity (for example the fact that it
corresponds to a 3D connectivity), as this will be done by the
likelihood test, but only the fact that two segments might be connected
in the image. Several configurations may occur. Let us consider three
typical cases. The missing part is a gap due to thresholding and is
less then I . Or it is a small segment surrounded by two gaps, the
corresponding missing part of which is less than 2%+%ﬁn long.- Or it
is near a corner, and the missing part may be the truncated corner plus
a gap due to thresholding, and the missing part is less than e + 1 ,
where -e is the round-up effect defined iIn section 4.2. The uncertainty
@ is empirically estimated to a = k 1+ I0/2 + e, where k is the

min
probability of an edge having its length equal to %ﬁn, e.g- k=0.5 if

The error on each end point location may be represented by an
uncertainty ellipse defined by the covariance matrix of the endpoint.

Let the matrix V be
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A point M of the uncertainty ellipse is defined by
Ait 1 V"'l s 1

Let u be the unit vector of the line L corresponding to the segment
AB, and v-* be the perpendicular unit vector. The principal axes of the
uncertainty ellipse are in the direction u* and v*, with the major and

minor axes ZJ] and 20%-

Vw*) is the variance of the error in the direction perpendicular to

w’* (Figure 4.4.2) and is equal to

VW) = @ 1 V1 7 det(V) (4.4.1)

Figure 4.4.1.2 : Geometric interpretation of V(w )
4.4_.2 Modelling of the segmentation error

The aim of this section is to model the noise created by the
proximity of unrelated lines to the features of interest. For example,
let the straight line segment S be the feature of interest, if the
projections of the lines connected to S iIn the 3D space are looked for,
all the other straight line segments connected to S iIn the image appear
to be a type of noise, called segmentation noise. Another example is
the search for vanishing points using a whole [line accumulation

strategy ; a line passing near a vanishing point P far from its own
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vanishing point is considered as a segmentation noise for P. This noise
is called segmentation noise, because the distinction between parasite
features (i.e. Tfeatures Ilocated near the feature of interest by
accident) from the good ones is actually a segmentation problem. Since
no information is available to distinguish such features in difficult
cases, e.g- the parasite line passes very near P, errors necessarily
occur whatever the segmentation method. However, it is possible to take
them into account during the process, by modelling them. For example, a
complex scene is very likely to bring a lot of segmentation noise. A
complex scene results iIn numerous segments in the iImage, so that the
model should take into account the number of segments. Segments may be
expected over all the image area or rather in the upper part of the
image (i.e. camera Ilooking at the floor). Thus, itis possible to
refine the model with respect to the application. The model chosen here
pretends to be general. However the statistical parametersused in
chapter 5, the average length i and the expected value of /1 ,

depend on the type of images processed.

In the following chapters, the image is approximated by a circular
disk in order to simplify the model and to make as much use as possible
of the 1isotropy property. The lines are assumed to be distributed at
random within the image, 1.e. the centroid of thesegments AB is
uniformly distributed on the image. The length of these segments obeys
a probability law of density f(£), which is assumed to be uncorrelated
with the centroid location. Figure 4.4.2. 1 shows thedistribution of
the length of the straight line segments. This density may be
approximated by the exponential law with theparameter 1 / ,
denoted by F(fQ). Let us note that, for numerous segments, the location
of the endpoints depends on the threshold chosen in the edge detection
stage. Thus, the exponential model 1is justified by the fact that the
density of the end-points given 1in appendix 7 1is roughly constant;

therefore it may be approximated by a Poisson model.
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Figure 4.4.2.1 : Density function of the lengths of the segments (£>15)

From an image point of view, these assumptions are not exact because
of the segments crossing the boundaries of the image. Therefore, for
simplicity, the segments are not constrained to lie entirely within the
image, except their centroid, so that the assumptions are consistent.
It will be seen that E(cr ) depends on E(I/£ ). A statistical study of
1 ;% on 12 real 1iImages demonstrates the validity of the assumption of
the independence of 1/i with the centroid location (Ffigure 4.4.2.2).
Besides, 1In the iImages studied, the directions are not equiprobable as
the vertical lines are always very numerous. In this case, the problem
is solved by considering two classes of lines, the vertical lines with
their centroid locations and lengths defined as above,and the other

lines distributed as described in the previous paragraph.

1/7X?2

0.0025
0.002 * o e

0.0015
0.001 !

0.0005

16 G4r 128 d

2
Figure 4.4.2.2 : Average value of I/l in function of d, where d is
the distance from the origine to the line.
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Thus a model of the a priori distribution of the location of the line
segments in the image and of a statistical model of their length Iis
provided to the process. This model is equivalent to a statistical
model of the straight Jline segment parameters. It allows the

segmentation error to be taken into account throughout the process.

4.5 Calibration parameters

The interpretation of the angles between straight line segments
requires the knowledge of the intrinsic parameters of the camera; that
is to say, the projection C of the optic centre onto the image, the
distance F between the optic plane and the image plane, and the ratio p

of the scales along the y and x axes.

Various methods have been developed for calibration (Tsai, 1986;
Faugeras, 1986) and have not been investigated thoroughly here, because
the method based on the vanishing points, in a similar way to Wei

(1988), allowed the method described in chapter 5 to be used.

First, the scale ratio p has been estimated by using the image of a
circle parallel to the 1image plane. The experiment has been done

several times without dispersion of the results. The variance of p has
n

been estimated experimentally by the unbiased statistics (Z s?/in-1),

2
where S (pi-p) and p is the average value of P;-

Once this ratio known, the image of the cube displayed in figure
4.5.1 has been taken. The cube is 1 meter wide, to be consistent with
the focusing distance used for the iIndoor scene images studied.
Then, the lines drawn on the cube have been detected and approximated
as described in the previous subsections. Eventually, the vanishing

points have been extracted with the algorithm described in chapter 5.
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Figure 4.5.1 : Image of the test cube

The vanishing point coordinates are scaled in x and y according to
the scale ratio p. The projection C of the optic centre is the
orthocentre of the triangle (v , V , V ) and the focal distance is the
square root of the scalar product V d.CV», with i*j (see appendix 1).
As C is defined as the orthocentre ;f a triangle, this scalar product

is constant. The equations are given in appendix 1.

The uncertainty associated with these parameters may be computed by
using the covariance matrices associated with Vi' In order to have the
best accuracy, the cube should point a corner towards the camera Iin
order to obtain a nearly equilateral triangle of the vanishing points.
If this is not the case, the solution would have a high uncertainty.
For example, if V3: 3(r cosOS,rSSiQG ) is such that r, is very large
compared with r_ and r , then C(x,y) is given by

r, sin 03
tan(012-03)

CCx.y) = (4.5.1)

r cos O
3 3

tan(012—03)
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where 012 is the orientation of the line Vl\é . Therefore, C is the
intersection of line (V ,V ) with the line passing through the origin
with the direction 6™n/Z. Actually, the cube is orthogonal, so if rm
is very large, (e12-03* ~ /2 and the direction 6™-n/Z 1is parallel to
the line (VA.VJ and the distance of C from the origin is undetermined.

Therefore, the problem is undetermined for r3 large.

The accuracy of C and f depends not only on the accuracy of the
vanishing points but also on the quality of the camera. If some cameras
guarantee C with a subpixel accuracy, for the ordinary cameras, C has a
position which may vary substantially, depending on the focusing
distance. This factor has to be taken into account in the modelling of
the parameter uncertainty. Moreover, the main directions in the scene
may not be perfectly perpendicular, which may be taken into account by
adding a "modelling” uncertainty to the calibration parameters. The
cumulation of the sources of error may result 1in a substantial
uncertainty of the parameters ; however, thelr 1inaccuracy is not a
crucial problem here, as it is taken into account all through the
process. On the contrary, it may be considered a source of flexibility
of the method.

4.6 Conclusion

The edges are the features chosen for representing the image because
they are assumed to reflect the presence of boundaries in the scene.
Most boundaries in the indoor scenes studied are straight line
segments, so that most edges in the image are also straight Iline
segments. The scene interpretation process is difficult because of the
error of the segment location during the detection, and because of the
superposition of all the projected segments on the image. The first
error is called measurement uncertainty and may be modelled by a
Gaussian law, where the second source of error is called segmentation
error and may be modelled by defining a prior statistical model of the

features.

First, the error of measurement 1is minimized by using an optimal
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edge detector. The Gaussian, Deriche and Shen edge detectors have been
theoretically compared with respect to Canny’s criteria and additional
criteria, testing the robustness of the detector to corners, multiple
edges and thresholding. An improved version of the Shen detector has
been proposed. The results have been illustrated on simulated and real
images. The Berthod line finder has only been experimentally studied
because of lack of time, but necessary improvments need to be made to
keep the error of measurement minimal, e.g. a LMS approximation of the
straight line segments. This study allows the uncertainty of
measurement of the straight line segments to be defined. If a group of
straight line segments may be better approximated by an ellipse, then
an elliptical arc is considered instead. West and Rosin’s(1990) method
is used, currently improved by Ellis et al (1991) for taking into

account the associated uncertainty.

The segmentation error is due to the fact that features may be
connected in the image without being connected iIn the scene. In order
to take 1t 1iInto account 1iIn the interpretation process, a prior
statistical model of the straight line segments is defined. Thus, the
prior probability of two features to be connected by chance can be

known.

At this stage, the information available is the set of segments,
represented by the list of their endpoints and if required, a set of
elliptical arcs vrepresented by the list of their (@,b,c,d,e,f)
parameters and their endpoints. The physical parameters of the camera
are known with their corresponding uncertainty. Besides, a model of the
uncertainty associated with the endpoints is provided, as well as a

statistical model of the straight line segment parameters.

The following strategy will be used : a hypothesis on a group of
features is tested by using some measure and comparing the real measure
with the measure associated with the prior model (i.e. 1image which
represents nothing). |If the real measure is comparable to the measure
associated with the model, this means that there is no more information

in the image than in the prior model ; thereby the hypothesis cannot be
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validated.

The use of a model for measurement uncertainty and segment parameter
distribution allows the choice of optimal (and thereby consistent)
parameters throughout the process, avoiding the difficulty of the
choice of the right parameters, which increases exponentially with the
number of stages of the method. This approach appears to be essential

to any high level interpretation process.
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CHAPITRE 5

DETECTION OF PRINCIPAL DIRECTIONS

51 Introduction

The extraction of 3D information from an image is a central problem
in computer vision. This chapter is concerned with the interpretation
of the perspective in an 1image. In an 1indoor scene environment,
directions of some features are more likely than others, e.g. for
straight lines : the vertical direction and the horizontal directions
parallel to the walls. The perspective projection of a set of parallel
lines onto an image is a set of lines meeting at a common point, called
a vanishing point. The vanishing point coordinates define the direction
of the set of lines in the scene relative to the camera coordinate
system. The coordinates of the end points of a straight line segment in
the 1image provide the set of possible locations of the end points of
the 3D segment. Therefore, once the vanishing point of a 2D straight
line segment is known, the corresponding 3D segment 1is entirely
determined except its depth, 1i.e. except its scale. As mentioned in

chapter 3, scale indétermination is inherent to monocular vision.

Section 5.2 describes the detection of potential vanishing points
which are the common intersection points of a number of lines. Lines
are accumulated in an accumulator space, the peaks of which represent
the points looked for. A new accumulator space Tformulation for the
whole line accumulation approach is described which fulfills an
important property for robustness: the constancy of the detectability
of a vanishing point whatever its location in the image plane. This
accumulator space is compact and isotropic. It is compared with the

Gaussian sphere accumulator space.

Section 5.3 describes the classification of the lines with each

vanishing point candidate and the scoring of the classes obtained. The
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classification 1is based on a likelihood ratio test (LR test). The
vanishing point coordinates are recalculated by a Kalman filter which
also provides its uncertainty neighbourhood, assuming the
classification 1is correct. The result of the likelihood ratio is used

for scoring the classification.

Because of the complexity of the scene (e.g- many lines are not
parallel to any principal direction), because of the relatively high
uncertainty of the line parameters after the line finder, and because
of the possible ambiguities with corners, many false candidates are
found, the scores of whichmay be good (e.g- Tfor corners). An
additional criterion 1is provided by perpendicularity. The principal
directions are supposed to be perpendicular, which again is the case in
many indoor scenes. The sets of two or three vanishing point candidates
corresponding to perpendicular directions are found by a likelihood
process and scored. This additional filter is very powerful as the
vertical direction has been proved to always correspond to the highest
score, which constrains the vanishing points corresponding to the
horizontal directions to lie on a line, 1i.e. the horizon, within an
uncertainty. The detection of the perpendicular directions is the

subject of section 5.4.

Section 5.5 describes the information extracted from the image and
presents the results obtained from a set of images of indoor scenes of

a power plant.

5.2 Detection of the vanishing points

5.2.1 Previous work

The search for vanishing points consistsof Ffinding a small
neighbourhood in the image plane intersected by a sufficient number of
straight lines. In order to reduce the search to a bounded closed set,
Barnard (1983) proposed projecting the lines of the image onto a

Gaussian sphere centred onto the optic centre. The projection of points
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onto a Gaussian sphere is equivalent to a resampling of the image
plane, and the number of resampled straight lines crossing each cell is
the result of the accumulation (Hough paradigm). Peaks of the
accumulator space correspond to potential vanishing points. The Tform
and the size of the cells depend on the sampling used in the
accumulator  space. Barnard (1983) uses spherical coordinates
(elevation, azimuth) ; unfortunately they are irregular and different
in the x and y directions. Quan and Mohr (1989) use the same method
with a dichotomic approach : the sphere is sampled from a coarse
resolution to a Tfine resolution in order to reduce the number of
studied cells. The lines are classified by looking for vanishing
points. Once a vanishing point is found with its associated lines, the
lines are eliminated and the algorithm is performed again. Dickson
(1989) proposed a triangular sampling of the Gaussian sphere which 1is

very attractive because it 1is 1isotropic; however the computational

efficiency has yet to be proved.

Magee and Aggarwal (1984) accumulate the projection of the
intersection points of all pairs of straight lines in the image onto
the Gaussian sphere. The accumulation 1is achieved using the arc

distance between two points which leads to an isotropic search.

The isotropy of the search for vanishing points using the
accumulator spaces previously described can be ensured by an additional
cost of complexity and only guarantees the 1isotropy 1in 0, not
necessarily in r ((r,0) are the polar coordinates). As a result the
probability of detecting a vanishing point depends on its distance from
the centre of the image. The reason for this dependence with r is due

to the increasing uncertainty of the vanishing point location with r.

Kanatani (1989) tests hypotheses on parallelism of three or more
straight lines by using the projection onto the Gaussian sphere. The
uncertainty of the line parameters is taken iInto account by using a
threshold in a concurrency test which depends on the uncertainty of the
intersection point coordinates. We (Brillault, 1989) have previously

proposed to solve the problem by resampling the accumulator space such
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that the uncertainty remains approximately constant over the space. The
variations of the uncertainty of the intersection point of a pair of
lines 1is statistically estimated, but for r fixed the dispersion of
this uncertainty is large, besides which the solution found is not
really isotropic in O. It will be seen that a criterion based on
distance between intersection points does not seem appropriate to a
problem initially defined as the minimization of distances between a

point and lines, whatever the representation used.

A number of methods for the detection of the vanishing points have
been developed, but for all of them the detectability of a vanishing
point depends on its location in the image. The method proposed here is
based on the accumulation principle but uses a new mapping that ensures
the same detectability of the vanishing point over the space. The
accumulator space 1is therefore isotropic ; moreover it is bounded and

so does not increase the complexity of the detection.

5.2.2 Accumulator space

Under perspective transformation, parallel lines in a 3-D scene are
projected onto concurrent lines in the 2-D image. Ideally, 1in a man
made environment many lines are parallel, e.g. the edges of a wall and
a door frame. |In practice, this is only approximately true. However,
parallelism is a useful concept for representing the scene, e.g. a door

frame may be represented as a rectangle.

Let P be the vanishing point to be determined, which is the common
point of the ideal projection of the ideal parallel lines onto the
image. The location of P in the image depends on the viewpoint. The
search for P by accumulation is equivalent to counting the real lines

in the image passing through a neighbourhood of P.

A line (L defined by a line segment in the image is assumed to have
its vanishing point in P if D(L,P) < r(P), where D(L,P) is the distance
between the line () and the point P and r(P) is the radius of the

chosen neighbourhood N of P in the perpendicular direction of Q).
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The constant quality for the detection of P irrespective of its
location in the image plane increases the robustness and meaning of the
detection. The value of the radius r(P) of the neighbourhood N defined
above should be proportional to the accuracy with which the line (@ is
known in the vicinity of P, that 1is to say proportional to the
uncertainty of the distance D(L,P) from L to P. The neighbourhood N has
a corresponding neighbourhood N” in the accumulator space. For
practical reasons this neighbourhood N’ should be constant and have a

simple shape.

Let a be the uncertainty of D(L,P) ; the problem is to find a
transformation T from the image plane to an accumulator space such that
the expected value of a’=T(cr) remains constant over the accumulator
space. This transformation T will completely define the new accumulator

space (Ffigure 5.2.2.1).

10

Figure 5.2.2.1: Transformation from the image plane
to the accumulator space

Expected uncertainty of a vanishing point
The uncertainty of the end points of the segment AB results Iin
uncertainty < of its distance to a point P. Polar coordinates are used,

with pole 0 and axis Ox. Let O be the centre of the image, r the
distance from O to P, O the polar angle of OP, a the polar angle of
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L, and d its distance from 0. Q” is the intersection of the line
and the circle (C) with centre 0 passing through P and a 1is the polar
angle of Q” (in the ideal case & = 0, see figure 5.2.2.2). Let « be
the uncertainty of P along (C). The variance of tr over all the lines
having P for vanishing point is equal to the varianpce of the error of P
in the tangential direction, (r da™)2. If the line (@ 1is fixed, the

uncertainty a 1is equal to
02 = r2E(5a2) G.2.2. D
p i

2
where E(3a|) is the variance of the noise on ap- Using the polar

equation of the line it follows that
r cosia™a) =d . (.2.2.2)
This equation is derived to provide the expression of 3(0"), when

/ 2 2 .
v r -d is not too small,

da, = da 3d da 3d (5.2.2.3)

1 r sin(al-a)
/ r2-d2
Let 1 be the length of the segment AB and b the distance between the

centroid G of the segment and the projection 0” of 0 onto (L), when

2 ,
w/r2-d2 is large enough, the value of is given by (see

appendix 5, eq. A5.4, A5.5 and A5.6)
o ) V(W) (5.2.2.4)

where V(u) is defined in section 4.4.1.
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Figure 5.2.2.2: Line (L) passing near the point P

Using the statistical model defined in chapter 4, the expected value
of o- may be calculated. It has been demonstrated that the Ilength of
the IDsegments may be assumed independent of the centroid location.
However, 1if the length L of a 3D segment S is assumed fixed, the length
I of its projection [A,B] onto the image depends on the distance of S
from the camera : the further S from the camera, the closer [A,B] to
the vanishing point and the smaller L It is shown appendix 1 that the
distance between a segment and 1its vanishing point is constrained by
eqg. Al.11 :

: 0 G. 2. 2.6)

where Df is the depth of field and Dm the focussing distance,
Figure 5.2.2.3 demonstrates that this constraint has a very small
effect on the expected value of (1/I2). This is not surprising because
the constraint filters the small segments which play a preponderent
part in E(I/£ ). In fact, the distribution of the length is mainly due

to the line finder algorithm and little to the viewpoint.
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Figure 5.2.2.3 : Average value of I/£2 in function of d performed over
the lines satisfying the constraint 5.2.2.6 with
Dm/Di = 1.3. (12 images of 6 different scenes have

been processed)

Let "a" be E(I/£2). Using the independence assumptions between Iﬂf
and (b, d, r) and the fact that E(b]d)=0 for symmetry reasons, the
expected value of a over the set of segments AB at a distance d from

the origin is equal to (from (5.2.2.4))

EQ" 2|d) = (2ar2 + ———— ——meee +o2a b (0 1)) vay.  5.2.2.7)
i 2 @ 1 ——?LZ—
r r
This relation ignores the constraint (56.2.2.6), but still E(b2/I2|d)
gives more weight to Ularge values of b and small values of |1
corresponding to the lines satisfying (5.2.2.6), which justifies
(5.2.2.7). Remark: The previous argument only holds when the minimal

value allowed for i1 is small enough.

The distance d of a line is smaller or equal to r, within the

uncertainty of r. When d is smaller than r

1+ e(l/r2),
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2 2
where e(1/r ) is infinitesimal with 1/r .

The centroid G is located at random on a chord of the image disk

f 2
(defined in chapter 4), the length of which is equal to 2R vl-d /R ,
then (appendix 4),

E(b2|d)) = 45 R2(1~ —,) and E(d2) = ,

Using the model of the measurement uncertainty defined iIn section

4.4

2
E(crp2 [ = (tar2 + 4" + 4 ) 0g- G-2.2.8)

A line having P for its vanishing point satisfies d £ r. The eg.
(5.2.2.8) has been found using (56.2.2.4) under the assumption that
v/ r2- d2 is not too small.

If r >R, d is always smaller than r, and (5.2.2.8) holds and is
independent of d. When r * R and d = r, the definition of ch makes no
sense , as the line (U may cross once, twice or not at all, the circle
(© 1in the vicinity of P. When P is far enough from the origin, a very
small proportion of lines are likely to be such that d = r, and
(5.2.2.8) is nearly always valid. If r 1is very small, the radial
uncertainty of P makes no sense. The uncertainty neighbourhood of P is
a circle with a constant radius a, where a is defined as the root of

2
the expected value of PQ . It is shown in appendix 5 that near the

origin

2 1 2a R

— ¢ + g—)’<r(2) (G.2.2.9)

Therefore from (5.2.2.8) and (5.2.2.9) and the previous remarks, the

expected value of the variance of P may be approximated by
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if r is large enough E«Ibz) = (2ar2 + ©)

- N

if r is small E@@2) = ¢ a2, (5.2.2.10)

where a = E(1I/£2) and c = 1/2 + 2a R2/3.

The value of the uncertainty of the line location near P depends on
the parameters of the corresponding segment in the image. It has been
shown that it 1is possible to express the expected value of this
uncertainty by using statistics of the line segment parameters. The
expression for the expected values depends only on the distance of the
vanishing point from the image centre. This result allows almost the
same detectability to be guaranteed for any vanishing point, by
resampling the image plane proportionally to the expected value of the

uncertainty.
Transformation from the image plane to the accumulator space

In order to simplify the notation, < represents v E(cr2) in the
following.

IT the transformation T exists it is defined by

O P e — > PT(x(r,e).y (r,0)),

X”,y” being the coordinates of the cell of the accumulator space.

Let Q” be the point of the circle (C) located at the distance J
P
from P,
then

0 0 a
T(Q?) = T(P(r,6 + 4H)) = P7 G+ (r,0 + H),y’(r,0 + —H ))

In the accumulator space the uncertainty d* corresponding to the

uncertainty Gb in the image, is equal to the distance of T(P) to T(Q”).
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Thus

a o

2= & @,0+ -jr ),y (r,0 + —p-)) - P7(xX*(r,0),y” (r,0))

o (r,0 + -ji) - x7(r,00j + (y7(r,0 + ) -y (r,0))°

After linearization it leads to

a , 2 ol . s 20
> 2 ANOxN Tp j.cBy’™™ Tp
P 90 2 90 2
r r
Thus
2 2
9x’ = 2 r
+ -y- ) =0 (G.2.2. 11)
~oe~ 0 p o 2

One solution of (5.2.2.11) is

y o~ r dr ,
p p
x” = x” ().

x?(r) is independent of 0 and may be any bijection from [0,40] to a

bounded interval. For simplicity, X’ has been chosen such that

y>=0 K

where k is a scale factor determined by the expected resolution.

Therefore
a’ k r
_ p
Gb v2ar +c
o ro (G.2.2. 12)
p
(0

0 / 2a r2 + i

The number of straight lines iIn the image passing near the point

P(rQ,00) is represented by the number of curves crossing the line
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parallel toy” axis, Yy’ :y’(rO,OO), in the range [P’—cr’pj,P’+cr’pj]
(see Tigure 5.2.2.4). The counting of these lines 1is performed by
accumulating curves dilated by a vertical kernel with a half-width
equal to a’. The accumulation of dilated curves prevent the same line

p
from being counted twice.

A line passing near P such that d e Jr,ri<r[does not cross the line

y’ =y’ ,0). When P is far from the originsuch a configuration Iis
unlikely, but when r is small its probability increases. The problem is
solved if the x” resolutionaround P’ is less than or equal to o\ This
could be done by choosing the constantk in eg. 5.2.2.12 such that
x”(r) has a resolution equal to a for small r, but the resolution of x’

has to be consistent with the resolution of y” (e.g. 2 curves crossing

at x @n+1)/2 must cross the same uncertainty neighbourhood either

at x> = n or at X” = n+l). The two constraints onk are incompatible
for large r. The constant k is chosen toensure the consistency with y”~
resolution and the constraint for the small value of r is fulfilled by

a pre-accumulation stage in the (d,a) parameter space (see later).

0 =2n

Figure 5.2.2.4 : (xX’(r),y’(r,0)) accumulation space.

So, a transformation T has been found such that any point in the
image plane is simply transformed to a single point in the accumulator
space and the search for vanishing points is reduced to the search for
local maxima in the accumulator space. The sampling is isotropic and

homogeneous with respect to the uncertainty criterion. Moreover the
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accumulator space is bounded.

Geometrical interpretation

The accumulator space (X”,y”) described previously is isotropic Iin 0
by definition. In the continuous plane, it may be represented as a
sector of a disk. In this sector, a point P’ with the polar coordinates
(p”’,0”) corresponds to the point P(p,0) in the image plane and is
defined by using (5.2.2.12)

p’ =x"({) and 07 = .

In this sector the neighbourhood of uncertainty is a circular arc with

arc length a ”.
p

Let the origin of the coordinate system be 0 and the z axis be the
optical axis. Thus, the transformation defined is equivalent to a
projection onto a surface (5) of revolution with vertex 0 and axis Oz,
followed by a projection onto a cone (C) with vertex 0, axis 0z and
angle B (see fTigure 5.2.2.5), which is eventually developed onto a

plane (to give a sector, 1i.e. the accumulator space), so that

T=dop os

Image 1 Surface Cone * Accumulator
plane s ©) p © d space
P(p,0) #----->P (s(),0) h--->P _(s(p),0,/3) #------ >P *(p”,07)

P" is the projection of P(p cos 0, p sin 0, 0) on the surface (S)in
a direction parallel with 0z ; PS has the Cartesian coordinates (p cos
0, p sin 0, s(p))- PC is the projection of PS on the cone, 1In a
perpendicular direction with 0z ; PC has the Cartesian coordinates
(s(p) tan B cos 0, s(p) tan @sin 0, s(p))- P’ is the image of PC when
the cone is developed ; P’ has the polar coordinates (p°’, 07) in the

accumulator space, such that

s(p) =p>cos B and 0” =9 Nan — = 0 sin B
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It gives

sin B = and s(p) :.X—QPL v/ k2-1

k

Remark : the constraint k>I which appears above is introduced by the
geometric interpretation, but it is possible to show that it
is not a real constraint (however, it is verified when the

consistency of the resolutions is ensured - see later-).

Figure 5.2.2.5 : Geometric interpretation of the transformation T

Pre-accumulation stage

Several straight line segments in the image may be aligned, often
not by chance but because they belong to the same structure in the
scene, say a window frame. From the point of view of the interpretation
of the perspective, only the line is significant. Therefore, before the

accumulation stage, aligned segments are grouped to form one line .
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The lines are first accumulated with respect to d and a, the

resolution of which is determined by VvEiSd2) and VE(9a2) averaged over
all possible b (see appendix 5 (A5.4), (A5.5)), and for each cell (d,a)
the best estimates of the line parameters are computed. Only one line

per cell (d,a) is accumulated in the accumulator space.

When r is small, d is also small and the expected value of E(3d )
over all b is equal to c, i.e. to 6’2 This means that all the lines
such that d e [r,r+cr[ and 6, are accumulated in the same cell (d,a).
Therefore, for r small, the resolution in x” is equal to a around x”(r)
and the lines satisfying d = r crosses the uncertainty neighbourhood

around P’ defined above.

The preaccumulation stage avoids a weighting process, e.g. weighting
lines by their length (Quan and Mohr, 1989), and thereby increases the
significance of the peaks of the accumulator space (X’,y”) described
above, since the peak value represents the number N of directions
meeting at the same point. For instance, if N=3 the point may be a

corner, iIf N>3 the point is likely to be a vanishing point.

Uncertainty of the vanishing point

It may be important to have a first evaluation of the uncertainty of

2
the vanishing point location, once detected. Let a be the variance of
the distance Q'P, where Q' 1is the intersection point of the line (@

and the line (OP) (see figure 5.2.2.3); it is equal to

o = PRIy - (2 EQP2) _ roa? G.2.2.13)
r d2 d2

The line such that d = 0 does not provide any information about r,
and the corresponding uncertainty is infinite, so is the expected value
of o'i over all possible d for r large enough. But here, the peak in the
accumulator space has already been found, which means that the shape of
the distribution of Q"P2 around P no longer matters. The information
about r 1is provided by lines passing far from the origin. At least

three lines with different directions should cross the neighbourhood of
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P to give it meaning as a possible vanishing point, and therefore at

least two lines passing far from the origin, typically at i/E(d2).
Therefore, for Qlarge r, using the expression of E(d ) found in
appendix 4
) 1 r 'c% 2r2 (Zglr +c)<':rg
— = I G.2.2. 19
r 2 E(d2) R2

where a is an estimate of the radial uncertainty on P.

If r is small, using the same considerations as for E—, ;} can be
repI%Fed by the expression of 02, say C 062' The expressiga (5.2.2.14)
for a gives a very coarse idea of the vanishing point uncertainty and
it should be considered as a temporary information. This approximation
is refined by using a Kalman filter applied to each line classified

with the point P.

For the resolution to be consistent with this uncertainty value, the
derivative of r relative to x” must be lower than a}. The sampling is
not regular according to ;}, which does not matter as ;} does not
affect the Iline-counting in the whole [line accumulation approach
described above. This would not have been the case iIf only the

intersection points had been accumulated (see figure 5.2.2.6).

Figure 5.2.2.6 : Comparison between a "whole line" accumulation approach
and the "intersection point"” accumulation approach
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Resampling according to a

It is possible to choose x”(r) iIn order to have a sampling
approximately regular according to a - Albeit it slightly increases the
complexity of the formalism, it has been done to reduce the size of the
accumulator space and thereby the number of peaks to process
afterwards. However, the consistency between x” and y~” resolution 1is
not as good as previously, which means a line may pass nearby a point
without being accumulated to it, (when the slope of the corresponding
accumulated curve is more than 2cr’). Actually it is unlikely to happen
and practically it does not seenﬁ to jJeopardize the goodness of the

results.
Returning to the solution of (5.2.2.11)
y’=a r 0/

p p
X7 x” (),

The regularity of the sampling of x” according to a may be written

for small r (typically r<R) :

r <R -g)ri = _0 > x'({r) = __CFO_ dr
< ° F2ar2+c
and for large r :
r2-R ox ” d; y e - T R dr
; a? * — * x (r) = 2 o
r r 2ar2+c

where 9™ and <rf are coefficients defining the resolution in x’. They
are chosen to ensure the continuity of x” and its first derivative. The

solution is given by

6
r <R x’( = —0 Argsh ¢ /7 ~ D,

- page 139 -



Detection of principal directions

(5.2.2.15)
oL.R [ A2ar2+c \Y
r £R x” () X Ln ¢ + X7
4 d \Vc
o] - 2ar +¢c + Vc

The continujty of the derivative is ensured by setting 0’5= Xo', 2.
The value of 0’('; fixes the resolution in x”. A trade-off between the
consistency in the resolution of x” and y” and the size of the
accumulator space should be found. For example a value of 0™ equal to
2.75 leads in the particular case of the images studied here to an
accumulator space size equal to 100x100, by contrast with 256x256 in

the case of the original sampling (56.2.2.12).

The equation giving y~” is clearly unchanged

a’ rB
) p

o / 2

0O VvV2ar +c

Thus, another sampling has been defined for the accumulator space,

which is more regular according to a than the sampling (5.2.2.12), but
is less consistent with y” resolution. The size of the accumulator
space has been reduced, without affecting the goodness of the results.

The complexity have been slightly increased (see figure 5.2.2.7).
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Figure 5.2.2.7 : Accumulator space corresponding to the sampling
5.2.2.15.

5.2.3 Comparison with other accumulator spaces
Comparison with intersection points accumulation method

Figure (5.2.2.5) demonstrates that all the lines around Q are
counted independently of the value of a . but the counting of the
corresponding iIntersection points should take a into account. The
equation (5.2.2.13) shows that for r fixed, the disparity of 0} is very
large, and thereby the disparity of the error of the distance between
intersection points 1is very large too. Whatever the representation
used, the disparity of the error of the intersection points is very
much larger than the disparity of a , which means that the concurrency
test based on the intersection point accumulation approach has a poorer
significance than the test used in the whole [line accumulation

approach.

The best estimate of the intersection point of a set of straight
lines in the LMS sense minimises Z(diﬁji)z, where di is the
distance from the i line to the intersection point. This criterion
may be written 1in terms of iIntersection point coordinates and the
associated covariance matrix (at is complicated because the

intersection points are not independent). Because of the disparity of
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the variance along the r direction, an accumulator space based on the
intersection point accumulation should necessarily be associated with a
weighting process using coefficients equal to the inverse of this
variance, so that only significant intersection points would be taken
into account. |If the dependence of the intersection points 1is ignored,
the value of the peaks obtained would approximately represent the
inverse of the corresponding intersection point variance along r. This
value 1is not significant because of the disparity of this value and
because it provides no information about the number of lines or

directions meeting at this point.

Albeit the set of iIntersection points and their associated
uncertainty matrix theoretically contains sufficient information about
the best estimate of the intersection point of a set of straight lines,
the corresponding tests have a poor significance. Besides, the
information 1is redundant (Gn(n+l)/2 data in contrast with 5n data in
the minimal case), 1i.e. the data are not independent, which 1is a

serious difficulty when reasoning with uncertainty.

Comparison with Gaussian sphere method

If the constraint of the constant detectability is not fulfilled the
detection of a vanishing point, 1i.e. a main direction in the scene,
depends on the viewpoint and the orientation of the image. It s
important to evaluate the behaviour of the more commonly used
accumulator  space, the Gaussian sphere, with respect to this
constraint. In order to be general, the Gaussian sphere is placed on
the optical axis at any distance h form the principal point (its radius

has no importance).
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00 =h
0Q=r

Figure 5.2.3.1: Projection of an image segment onto the Gaussian sphere

Let r be the distance from Q to 0. The projection process transforms
L into a big circle C, P into P” and Q into Q”. P is assumed to be near
Q, so that the distance D’ from C to P” can be approximated to D’=
D(P?,Q”), and its uncertainty a’ approximated by the projection of the
uncertainty a. Let h be the distance between 0 and the centre of the
Gaussian sphere, then
0°Q*
0°Q A
/ r2+H2

where p 1is the radius of the sphere. The constraint a’® = constant
implies that 02+h2) is proportional to 02. It is shown in appendix 6

2
that i1t is possible to approximate a for any r by
a = Car +0 «a s

which leads to, when applied to the Gaussian sphere

_ C
h= , . (5.2.3. D

This relation means that there exists a value for h such that the
uncertainty is the same at the origin and at infinity. A large value of
h favours the detection of vanishing points located near the centre of

the 1image, whereas a small value of h favours the detection of
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vanishing points located at infinity. Here, the neighbourhood used for
the counting of the lines is a circular spherical cap with a constant

radius a’, which requires an isotropic sampling of the sphere.

The Gaussian sphere method appears to be a correct accumulator sphere
for the constraint considered here in the context of the whole [line
accumulation, provided a correct value has been chosen for h and an
isotropic sampling 1is used. This result does not hold when only
intersection points are accumulated. But an isotropic sampling of the
sphere in the whole [line accumulation approach implies an involved
process, whereas this problem does not exist for the accumulator space

which is described previously.
5.2.4. Vanishing point detection
"Noise"™ of the accumulator space

The vanishing points looked for are peaks of the accumulator space;
however a number of peaks are not vanishing points. Classically, the
peaks are selected 1if they are above a fixed threshold (Quan and
Mohr, 1989; Barnard, 1983). This approach 1is not very satisfactory
because the threshold should obviously depend on a number of factors
such as the number of lines or, iIn a case of lines weighted by their
length, the average length of the straight line segments in the image.
Usually, this threshold is fixed experimentally, which 1is arbitrary.
In the following, a method for finding the optimal threshold is

described.

It is important to estimate the significance of the peaks, 1in order
to select a minimum number of false candidates and a maximum of good
ones. A peak 1is selected if it is very unlikely to happen by accident.
It will be seen that a peak actually generates a chapelet of peaks,
therefore further precautions are needed (only the highest peaks over a
large area of the accumulator spaces are selected). First the
probability of a peak happening by accident is determined and the

criterion to select a peak is defined ; then additional precautions are
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discussed.

A number of lines located at random in the image cross each other at
any point which do not necessarily correspond to a particular point
such as their vanishing point - they just have to cross somewherel! -
The more lines in the image, the more likely several lines pass through
the same neighbourhood in the image plane, 1i.e. iIn the same cell of
the accumulator space. Using the statistical model defined in chapter
4, applied to the number of Ilines accumulated, it is possible to

determine the probability of a peak occuring by accident.

A line is characterised by its distance d from the origin of the
coordinate system, 1i.e. the centre of the image, and its direction 0.
The lines are supposed distributed at random in the image, according to
the statistical model defined in chapter 4. In the accumulator space, a
line is represented by a curve which crosses each vertical x” constant
twice, in the interval jx’(d),xn:aXJ, the vertical x” = x” () once, and
never the vertical x’<x”(d). The expected number of lines crossing the
vertical x” = x>(d) is equal to n”(d) (see its expression in appendix
4. As all the directions are equiprobable the distribution of the
lines along a vertical x” constant is uniform in the interval [O,yn:ax]
(illustrated in figure 5.2.4.1). Therefore the density of probability

at the point (X”,y’) corresponds to a binomial law corresponding to

the parameters (n” (), p = 2(2d;/ym’ax)), which is

PIN(X”,y") = K) = pk (1-p)n°~ \ G-2.4. D
Therefore, the expected value at a point of the accumulator space is

4 o’ n?@())
E(NCX\y*)) =n’p = —"~ ~  — - |(X7), G.2.4.2)

max

and its variance 1is
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4 o
V(NCx”,y") =n’p (I-p) =#X") A - - —" D) =ux’). (G.2.4.3)
max
Remark : The value of yéax(x’) depends on the sampling chosen for the

accumulator space.

The function £(x*) for the sampling (6.2.2.15) is displayed
in figure 5.2.4.2. For illustrating the type of distribution obtained,
2000 lines have been synthesized according to the statistical model
defined in chapter 3 and have been accumulated, the result is displayed
figure 5.2.4.1.

Figure 5.2.4.1 : Accumulator space corresponding to the accumulation of
2000 lines located at random in the image.
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Expected value of the noise

for 2000 accumulated lines

1 1 22 31 41 51 61 71 8 9 101 X,

Figure 5.2.4_.2 : Expected value of the accumulator space in function of
x” where 2000 lines located at random in the image
are accumulated.

Detection of the significant peaks of the accumulator space

A peak of the accumulator space is selected when the probability

that it happens by accident is less than the admitted risk x, say 0.01.

For large n”, say n’>10, the Moivre-Laplace theorem (Papoulis, 1965)
allows the binomial law to be approximated by a Gaussian law with the

parameters (n’p, n’p(p-1)).

The expected number of points in the accumulator space with a value
higher than k(x”) 1is equal to xA, where A is the area of the
accumulator space. Actually, only local maxima with a value higher than
k(x”) are selected as potential candidates. So, the expected number of
false candidates depends on x and the density of peaks in the

accumulator space. Using the Gaussian approximation for p(N=k), it Iis

possible to consider that

wo ) = N(x7,y?) - Fix?)
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behaves approximately as a normal process. Furthermore, if x 1is small
it is possible to ignore the probability of having two local maxima for
w (y’) between two successive passages by k(x?). Therefore, the
expected number of Ilocal maxima above k(x”) along a vertical, x~
constant, 1is equal to half the expected number of passages by k(x”).

Appendix 7, eq. A7.16, shows that it is equal to

Yoax &) ;
n (<) Ve oxp - 2“5’(‘)(),% .2.4.5)

where h(x’) = k(x’)-£(x’), and e 1is the height of a cell of the
accumulator space, that is to say c is equal to 1 (it is maintained in

the equation for homogeneity). Using the Gaussian approximation
h(x' )2 = [erf 1(0.5-x)]2 w(x”)

where «(x”) is given by eq. 5.2.4.3. Therefore

Yoax &7
n, ) = max Ve exp € [erf 1(0.5-x)]2.

2n

G.2.4.6)

However, the local maxima along a vertical are not necessarily local
maxima in the 2D accumulator space (though the converse 1is true).
Therefore dx = nx(x’)/yamx(x’) does not represent the density of
local maxima in the accumulator space. The correlation function along
X” is not easy to find, so that it is difficult to be conclusive in the
2D case. It is only possible to give an estimation, by using the fact
that the correlation is obviously high (because of the continuity of
the lines into the accumulator space) and the additional following

condition

- 1f two candidates P and P” are found such that the distance
between P and P, d(P,P”), 1is inferior to 1its corresponding

uncertainty a , then they are merged into one.
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Thus, an intuitive reasoning indicates that the maxima along the
vertical x” being likely connected to the maxima of the vertical x’-I,
the expected number of false candidates is of the same order of
magnitude as d™ A/E, where I/£ is equal to the average value of 1ﬂ;
For instance, in the case of the accumulator space defined by
(5.2.2.15), A = 6950, CVG;_%N: 1/3.82 and GB’ =1.5 which gives, for
X = 0.01, an expected number of false alarms of approximately 15, which
is confirmed by the experience achieved on the accumulation of
successively 50, 100, 300 lines, randomly chosen (see figures 5.2.4.3

and 5.2.4.4).

Nb of direct. 50 100 300

Trials X’ nf X nf X’ nf
1 0. 009 14 0.01 15 0. 015 17
2 0.01 19 0.0il 16 0.0082 12
3 0.015 13 0.009 12 0. 007 10

Figure 5.2.4_.3 : Number of false alarms nf when successively 50, 100,
random directions have been accumulated, corresponding to the risk x =
X ” corresponds to the real percentage of points above k(x7).

Predicted risk x actual x~ predicted nf actual nf
0.001 0. 1.9 0
0.00015 1
0.00015 1
0. 005 0.0048 8.5 8
0.0041 8
0 .006 10
0.01 0.01 15.5 15
0 .oil 16
0. 009 12
0.02 0. 036 28 35
0. 035 36
0. 013 21
0.04 0.063 51 27
0. 044 37
0.062 37

Figure 5.2.4.4 : Predicted number versus actual number of false alarms
when 100 random directions been accumulated, for different risks x.
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Thus the detection of the vanishing point is consistent over the
image plane not only with respect to the expected uncertainty, but also
with respect to the expected Ilevel of noise. Furthermore, it 1is
remarkable that the expected number of false alarms is independent of

the number of lines accumulated, i.e. of the complexity of the scene.

Actually the statistical model does not take into account the lines
associated with another vanishing point, although several main
directions are supposed to exist. The presence of a real vanishing
point near a peak produces noise in the neighbourhood of this peak
which 1is not properly described by the probabilistic law described
above. For example, the image of a set of pipes may produce several
local maxima corresponding to the intersection of this set with various
lines. This problem is due to the lack of accuracy of the model used
and is clearly worse when no model 1is used and the peaks are selected
when above a fixed threshold. Some of the other methods (Magee and
Aggarwall, 1984), (Quan and Mohr, 1989) use the following strategy :
once a vanishing point has been found, all the lines classified with it
are taken away from the list and the algorithm is performed on the rest
of the lines. However, a number of lines iIn the image may pass through
several vanishing points and such a method may ignore an important
direction in the image (usually the less represented horizontal

direction), by having eliminated too many lines.

Here, this problem is empirically solved by the Tfollowing
considerations. First, the vertical Ilines are nearly always very
numerous and are represented in the accumulator space by a very high
peak ; second, the main directions are supposed to be perpendicular and

thereby cannot be located in the same area of the accumulator space.

The risk of removing important lines 1is limited by the following
strategy. The lines are removed from the list after classification with
a vanishing point candidate, only if the corresponding peak 1is very
significant, e.g the probability that it happens by accident is less
than 0.0005 (x=0.0005 for the sampling (56.2.2.15) corresponds to a
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number of false alarms << 1). This means that a class of lines is
discarded 1if the number of these lines is so high that it would be
responsible for numerous significant peaks iIn the accumulator space. It
is always the case for the class of vertical lines iIn the 1Images

studied.

The classification of the lines with a vanishing point candidate is
achieved by a likelihood ratio test (sections 3.3.3 and 5.4). The more
numerous the class, the more tolerant the test. This means that the
number of lines missed by this test, which could be responsible for
further noise, is approximately constant whatever the size of the
class, by constrast with a MD test where the percentage of lines missed
is constant. It is seen in the results (section 5.5) that the
efficiency of the LR test for eliminating the lines associated with a

preponderent class is more efficient that the MD test.

Once the classification corresponding to numerous classes Iis
achieved, the accumulation 1is then performed again on the remaining
lines. The search for all significant peaks is expensive and too many
peaks may still appear. A TfTirst method consists of selecting only
vanishing points perpendicular to the directions already detected, by
using a MD test. This method 1is interesting but 1is computationally
expensive as the MD test depends on each pair of points tested
imoreover it would definitely ignore directions not perpendicular to
the Tfirst directions found. An alternative consists of dividing the
accumulator space in several areas, in each of which no more than one
vanishing point is expected (see figure 5.2.4.5). The maximum peak (or
peaks if several peaks have the same value) of each area is found and
tested by eq. 5.2.4.4). Let us remark that the test inside an area
should be approximately constant, 1i.e. k approximately constant in the
area, 1In order to have comparable peaks. This method 1is quick and

efficient, but produces more candidates than the first method.
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Figure 5.2.4.5 : Division of the accumulator space 1in several areas
in each of whch no more than one vanishing point 1is expected. The
triangle corrsponds to three perpendicular directions (see appendix 1).

The method described in the previous paragraphs minimizes the
probability of false alarms 1iIn a consistent way over the image,
furthermore it allows the selection of vanishing points corresponding
to a few straight lines by minimizing the risk of loss of these lines
in the process of elimination of larger classes. The method does not

depend on the complexity of the scene.

53 Classification of the lines

The [lines are individually classified with the vanishing point
candidates in order to take into account the value of O corresponding

to each line (appendix 5, eq. A5.9) and to perform the test 5.2.2.6 .

For each vanishing point candidate and for each line a LR test 1is
performed. If the line succeeds the test, it is used by a Kalman filter
to improve the determination of the coordinates of the vanishing point,

and the line is classified with the vanishing point.
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Definition of the LR test

A particular vanishing point P is considered in the following. The
set Q is the set of the pairs (P.IY), where is any straight line
segment extracted from the image. A sub-set A is the set of pairs such
that the centroid of the segment is at a fixed distance r* from the

point P with a constant length i

The hypothesis H assumes that the line L. should pass through P,
e.g- because P 1is 1its vanishing point (let us remark that this
reasoning also holds for a corner). The hypothesis H assumes that the
line L. passes near P by chance, 1i.e. the corresponding 3D line is not
related to the 3D meaning of P in the scene. The decision variable is
the distance D™ from the line to the point P when the distance r
from P to the origin is less than r- Otherwise, it is the distance Ai
from the curve = TCL™) to the point P (x’,y’) = T(P) along a
vertical of the accumulator space (for large r, the accumulator space

is the appropriate space because it is bounded).

The methodology described in chapter 3 may now be applied. Under the
hypothesis H, the distance D" is assumed to be the error of measurement
and is modelled by a normal law with zero mean and a variance equal to

2
O, defined iIn appendix 5, eq. A5.9.

Under the hypothesis H, the line A may have any direction a in

the image with a uniform probability. From
D =d [sin(@)] and d Jcos(@))] =wr'2 - D%

the probability law of D is deduced

W = p2(a(Din D

Therefore i1f r < rS, the LR test is
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pH ; D
exp(-—--) > 1 , (.3. D
p(H) i 0 8'I

In the case r > re» the calculation is performed in the accumulator

space.

In the accumulator space, the distribution of the curves along a
vertical under the hypothesis H is uniform with the density 2/y’r‘nax (the

curves cross a vertical twice).

The uncertainty of the location of the curve C along the vertical
passing through P”(x”,y”), using the geometric interpretation of the
accumulator space (section 5.2) and the hypothesis r” large, 1is equal

to

a

N % Y Y™

Let o'l_|i be the expected value of the error of the angle 0i of the line

(Li), then if r” is large o'Oi a*o—i-/r’- The LR test is therefore

P
_exp (€ i) > 1 (G.3.2)
p(H) Oi 2 o'Ai
When r~” large
d.y’
1 max
Ao o

Thus when r~” is large, the tests (56.3.1) and (56.3.2) are equivalent.
Therefore, the value of r may be set to any large but finite value,

e.g- 4*R, R being the radius of the image.

The value of P(H)/P(H) is assumed independent of A, 1i.e. the

distance r” and the length of the segment 1 does not give any
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information on p(H)/p(H). This hypothesis is not contradictory with the
fact that a segment should necessarily be located at some distance from
the vanishing point, as P could as well be a corner. No reference is
made to its physical meaning, but only to the fact that the line does

or does not pass through P by accident.

Applying eq. 3.3.3 to the set N of lines crossing [y’-a"j,y’+r’j],
p P

where y~” is the ordinate of P” = <«r(P), It comes

p(H) nn - IU 2P2

P(H) n’L p -nn
J 1

where n” (x”) is the expected number of directions accumulated along the
vertical x> (see eg. 5.2.4. 1), nn is the value of the peak P’ in the

accumulator space,

p o
p =1 -2 erf Crp
and n”’ p is equal to £(x”) (see eqg. 5.2.4.2).

Remark : if r” is large the LR test is equivalent to

<2 Log_ Vupth I T +2Log U) . (5.3.3)
L2 P a ¢

Thus, it corresponds to a MD test with a threshold depending on
p(H)/p(H) and the logarithm of the length 1. If the length of the
segment is large,i.e. 1its uncertainty is low, the test is more
tolerant. However, the tolerancegrows less rapidly than  the
uncertainty decreases, thereby the LR test may be described as

intermediate between a MD test and a neighbourhood test.

The equation 5.3.3 may be used for approximating the LR test where
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p(H)/p(H) is intuitively estimated by the user. Often, it is possible
to select a reasonable threshold for the MD test in a particular case
(either an average case or an extreme case). Let TS be a reasonable
threshold in the MD test for the straight line segments with a length
E, then

< TS + 2 LogeUél ) -

Scoring of a line

The line L. 1is associated with the vanishing point P if R>1. The
higher the value of R, the higher the confidence of the classification.
The score of the classification of the line L.with the point P is

R

ptHIDj) = Ir™r (5.3.4)
i

Scoring a ciass of lines associated with a vanishing point candidate

Once all the lines have been evaluated for classification with the
point P, it is possible to update the probability of the hypothesis H,
i.e. the probable ratio of the number of directions in the image having
P for vanishing point, to the total number of directions considered. It
is more interesting to limit this definition to a neighbourhood of P,
say N, where N is the set of straight lines at a distance inferior to
a from P. Let K& be the prior probability of H, knowing that the line
crosses N (i.e. using the notations of section 3.3 @ = pHI-A) =
(n” S~ p~ptH), n” being the total number of lines expected along the
vertical of the accumulator space considered). Let nn be the number of
directions iIn N, ¢r'"n is the expected number of directions crossing at
P "on purpose™, and (I-i®Q) nn the expected number of directions passing

near P by chance (corresponding to noise).

The methodology defined in chapter 3 is used with p(@:) defined as

follows. As seen previously, the noise of the accumulator space may be
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modelled by a binomial law with parameters (p,n2), where p is the
number of cells considered along a vertical and n™ the expected number
of lines corresponding to noise crossing these cells. The expected
number of lines crossing the cell P by accident is np = nn(l—a:o)-

Hence, p(<c) is equal to

(1-i0nn,, .n_-(1-<BE)nn
P (1-p) 2
p(0:) = p(nn2= (I-<E)nn|nn) (5.3.5)
Pk (1_P)n2—k

The denominator is a normalization factor. When nn is large enough, the

Gaussian approximation may be used and

& -x §nn2

exp .. 2= }

pE) =
VZn 5 (0.5+erf(a: nn/"/u)
1 x N
where erf(<c) = - J- expi--~—= Dda;, and as is the variance of the noise
VZn 0 2
at the point P of the accumulator space, as = (l-cc™) (l-p)nn.

To compute the function G@:) (eg- 3.3.6), the odds 0. of a direction
is defined as the maximum value of the odds corresponding to the
straight [line segments dgrouped with this direction, because it
corresponds to the most likely segment which may have P for a vanishing
point. Since the function G(@;) is proportional to p(@;) and p(£) is very
small when x is far from X0 the maximum of G(a:) should be close to Xo-

This property ensures the stability of the process.

The updating process measures the degree of convergence of the lines
around P. For instance, 1if a set of lines crosses the neighbourhood of Q
located at d from P, such that Q and P are considered as two possible
candidates (frequent case), x 1is supposed to be the same in both cases
(f d small enough), but xQ is inferior to xp, because the lack of
convergence in Q "flattens” the Gaussian distribution, Tfavouring the

uniform distribution, 1.e. \—xQ-
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Updating the risk of false alarms

As has been seen sub-section 5.2.4, it is possible to estimate the
expected number of fTalse alarms corresponding to the risk x which
defines the thresholding process. Conversely it 1is possible to
associate a risk xp to a peak P with a value nn by chance iIn the

following way

T in_lM K ipy" K (5.3.6)
; e ey .3.

=0

where (p,n”’) are the parameters of the binomial law corresponding to

the noise, defined in subsection (5.3.2).

The expected number of directions associated with a vanishing point
and the risk of false alarms are complementary information, albeit
related. The former indicates the significance of the interpretation of
P as a vanishing point and the latter gives information about the

confidence of such an interpretation.

54 Main perpendicular directions

In the following, the coordinate system of the image is (0x,0y/p) in
order to correct the distortion between Ox and Oy scales, so that the

reference coordinate system (0x,0y) 1is Euclidean.

If two vanishing points P and Pcorrespond to perpendicular

directions in the scene,then (appendix 1)
on .0# + 2 = 0. (5.4.1)

Because of uncertainty of measurement V{Pl,g ) = ofl_(zaf + 2, is a
2

normal variable with zero mean and variance <rV deduced from the

covariance matrices associated with O, P1’ P2 and f. Let V be the value

taken by VP ,P ).

Conversely, 1if two vanishing points obey the relation (5.4.1) they
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correspond to perpendicular directions in the scene. Therefore there is
no notion of such a relation happening by accident. If P1 and P2 are
two real vanishing points and iIf the corresponding VP /a> is less than a
threshold, the corresponding directions in the scene are approximately
perpendicular. Thus, a test based on the Mahalanobis distance seems
appropriate. The threshold may be chosen reasonably high as most lines
in the scene have been supposed parallel to three main perpendicular
directions, therefore only three vanishing points are expected in the
image, obeying the relation (6.4.1) in pairs. However, there are
usually more than three candidates and P or P™ may be a false alarm.
As the uncertainty of V is high (due to the uncertainty of the
principal point and to <« eg. 5.2.2.14), a MD test is not selective
enough when using a 'common sense" threshold (above 2 for selecting
more than 95% of the good candidates). The choice of a lower threshold
is arbitrary if no explicit reference to the segmentation noise is
made. Actually the perpendicularity test is not aimed at checking the
perpendicularity of the main directions in the scene, but rather to
provide an additional filter against false alarms. It has been seen in
chapter 3 that the advantage of a likelihood ratio test is that it is
dependent on the level of segmentation noise. If the noise is high the
test is more selective than if it is low. Moreover, the test fails when
the uncertainty of V 1is very high, independently of V, which seems

appropriate as V would have no significance.

In order to define a likelihood ratio test, +two complementary
hypotheses have to be found. The set F of the vanishing point

candidates is supposed to have the following characteristics :

- It contains at most three real vanishing points corresponding to
three perpendicular directions (it may also contain duplicates
of some of them corresponding to large a and slightly different
classifications).

- the remaining candidates are false alarms due to the noise of

the accumulator space.
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Let ft be the set of the pairs of the elements of r, and A be a
subset of ft, such that P1 is at the distance ry from (& and P at the
distance r from 0. Let H be the hypothesis that P and P are two
real vanishing points. By hypothesis, they correspond to perpendicular
directions in the scene and must obey the vrelation (G.4.1). The

hypothesis H is : either Pl or, P is a false alarm.

The calibration parameters are assumed to be exactly known, and the
principal point is assumed to correspond to the centre 0 of the image.

The decision variable V may be rewritten

2
V=rr_ cosO + f ,
12

where 0 is the angle (OPl,gf )- Then

&y r, sin0
30 1°2 )
Thus, the density of probability in the case of H is equal to

P, = RO 4, :_2F1F'1F2' SO ’
27k 2r3-(V-F2)2

and the variance of V iIn the case of H is
Gi rigfsinzo aé .

2
The variance ab of the angle 0 depends on the covariance matrix of PI

and P2 and 1is given 1in appendix 6, eq. A6.2. The density of

probability P; is a Gaussian with zero mean and a variance a, -

The likelihood ratio test may be written

exp (- on )>1 5-4.2)

p(H) a-. 2r rs sin“0 ag

Unfortunately, the uncertainty of the calibration parameters often

is far too important to be negligible and should be taken into account
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in the Ilikelihood test. The error of the calibration parameters Iis
assumed to be normal with zero mean and covariance matrix CC. Let (T be

the vector associated with the calibration parameters
= (xc>yce>f,p)\

V may be written at the first order

V*\M+W de + v~A(v).Hé ,

where is the gradient of C*. Thus, the law of V 1is now the
convolution product of the law p (in case of H) or p2 (in case of H)
previously found, with the Gaussian law pc with zero mean and variance

(eg- A6.5) describing the variations of VA(V).dé. The LR test
becomes

pcy PPV

p(H) PZ* pc ()

The convolution of P; with Pe is a Gaussian law with zero mean and
variance equal to oforR. The convolution of P2 with is computed by

numerical means (Press, 1988).

The last problem is the determination of p(H)/p(H). It is defined as
the ratio of the expected number of pairs of real vanishing points in A
to the expected number of Tfalse alarms. Prior knowledge of the
viewpoint may be introduced here. A model of a vertical upright camera

is used in the following.

In the application studied here, all the pictures have been taken
with the camera approximately vertical. The model of the prior
knowledge 1is therefore chosen as follows. One of the horizontal
directions, say the left side, may be any direction in the horizontal
plane forming an angle ip between 0 and n/2 with the projection of the

optic axis on the horizontal plane.

The prior knowledge of the vertical direction may be described in
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the accumulator space by a Gaussian law centred on the nearest point
Vi’ of the points \{,’2\/, and V; with abscisse x:nax and ordinates O,
y> /2 and y’ , with a covariance matrix C . Thus, if P is assumed to
max max \

correspond to a vertical direction, then the expected
density of vanishing point in the accumulator space at P is

AIO = exp( P’\i Cle’\ i/2)/ (2?r/det (CV)').

Now, let L be the line (OV) in the image, where V is the vanishing
point corresponding to the vertical direction, Ho be the horizon and 0’
be the intersection of L with Ho. Let r” be the distance between 0~ and
the vanishing point P corresponding to an horizontal direction. From
the relationship between the direction and its corresponding vanishing
point (see appendix 1), the density of probability P, (r’) may be

deduced

ph(r?) = P<t>)-8J,=

Ttf Q@ +’\—2 )

where £7°= £°+ 00°%. 00 is described by a Gaussian law centred at zero
with variance crﬁ a is related to CV and to the covariance matrix of
the calibration parameters (see appendix 6). Then, from
P, x’) = P, (r’)Sr’/sx’, P, (x’) iIn the accumulator space is deduced,
Thus, if P(X,y) may correspond to an horizontal direction then r* = x,
00" =y, r=(x2+y2)1/2, X” = x”(r). The expected density of a vanishing

point in the accumulator space at P is

Ay = Py (7). exp(-y2/2R)/ (V2T ).

Then p(H)/p(H) is defined as

p(H) —API A P2 (5.4.3)

p(H) kPIAP2+ l:P2AP|+ KPIKPZ

where kPI: crp n I(xl)/}/lmax and kP2: crpnT (x2)/)(

T
P P2

nax ® M & ) is the
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expected density of false alarms along the vertical passing through P~
and 1is given by eg. 5.2.4.5, where the updated expected number of

directions associated with P , h(@) = nn”e, is given by eg. 5.3.6.

ITf © 1is negligible, which is the case of peaks corresponding to

numerous classes, e.g. x<0.0005, then (5.4.3) becomes

p(H) P2

p(H) KP2

which is the ratio of the expected number of main vanishing points to
the expected number of false alarms at P . This happens when one of the
two points corresponds to the vertical direction. If both classes are
very numerous, then the LR ratio is always very large even if they do
not correspond to proper perpendicular directions. If both classes are
relatively small and therefore unreliable, then the test 1is very
selective : only real perpendicular directions succeed the test. Thus,
this LR test behaves exactly as required : it does not provide a
measure Tor the real perpendicularity of the main directions looked
for, but it provides an additional filter against false alarms by using
the prior knowledge that such directions are likely to be
perpendicular. Lower and upper limits for p(H)/p(H) may be fixed, in
order to give any candidate a chance of succes (i.e. the corresponding
threshold of the MD test should always be positive) and to ensure a

minimal significance to the perpendicularity relationship.
Score of a pair or a triplet of directions

The score of a pair of directions, 1i.e. a pair of vanishing points
Pl’ PZ’
measure of Qlikelihood of having two real vanishing points using

is equal to Rl (see section 3.3.3). It corresponds to a

available prior information on the feature extraction and on the
viewpoint. Let us assume that it may be written s = Sf%, sl
corresponding to the score of P and s2 corresponding to the score of
P2 (which 1is done for convenience but cannot be the case as their

likelihoods are no longer independent). Then it is natural to define
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the score of a triplet of perpendicular directions as being equal to

the product s s s equal to

R R R
RFR DR +D-

This score takes into account the confidence associated with each point
of the triplet and the quality of the perpendicularity. The larger the

confidence, the less important the perpendicularity.

A hierarchical tree may be built : first, the straight line segments
are accumulated to form straight line directions which are grouped into
classes corresponding to parallel lines iIn the 3D scene, then the
classes are grouped by pairs, each pair defining approximatly
perpendicular directions in the scene ; eventually the consistent pairs
are merged to form triplets of perpendicular directions hypothesised to
be the main directions of the scene (see figure 5.4.1). With each node

is associated a score.
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Triplets of classes
corresponding to
perpendicular 30-
directions

Pair of classes
corresponding to
perpendicular 30-
directions

Class : set of lines
associated with the
vanishing point V

Figure 5.4.1 : Interpretation tree of the 3D directions of line
segments from an image.

The triplets and then the pairs of perpendicular directions are
sorted according to their scores. If no pair has been found, the
interpretation has failed (this usually means that only the vertical
direction has been found, which 1is a very poor performance for the

effort involved!).

5.5 Elliptical arc classification

The elliptical arcs are assumed to be the projection of circular
arcs In the scene. If an arc lies in a plane associated with two main
directions, then the image of the arc may be associated with the two

corresponding vanishing points in the following way.

Let V and V> be the two vanishing points associated with the

perpendicular directions considered, let the points A and B
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(respectively A’ and B”) be defined by the tangents to an ellipse
passing through the point V (respectively V’). The ellipse may be
associated with two vanishing points V and V” if and only if (figure
5.5.1) the line joining the points A and B (respectively A” and B”) of
the ellipse passes through the vanishing point V> (respectively V).
This ellipse is the projection of a circle if the 3D axis lengths are

equal, that is to say :

AB /- (f2+ OV )2 = A"B” / _.IF2+ °V~)2 (5.5.1)
f MV f MV”?
The two Ulines (AB) and (A’B”), each of them corresponding to a
vanishing point, intersect at the projection a(x ,y ) of the circle
s g

centre onto the image.

Figure 5.5.1 : Ellipse associated with two vanishing points.

5.6 Results

The accumulator space depends on the statistic of 1/1 which depends on
the complexity of the image and on the preprocessing stages. The size
of the image used here is 256 and only lines with a length greater than
15 have been accumulated (lines with a Ilength below 15 are very
numerous and do not provide meaningful information as their uncertainty
is very high and they often correspond to noise). Thus the
pre-accumulation in (d,a) results in a narrow distribution of /12
around a = 0.0019, determined experimentally over a number of images

(see figure 4.4.2.1).

The method has been applied to various types of indoor scene. Figure
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5.6.1 shows the initial iImages. Their respective accumulator spaces are
displayed with all the lines accumulated, figure 5.6.3, and with a
number of lines removed, Tfigure 5.6.4. The final result of the
classification is displayed in figure 5.6.5. All the main directions
represented by a sufficient number of segments have been found. False
candidates have been found, corresponding generally to corners. They
are filtered out by using the constraint 5.2.2.6 which is usually not
satisfied by the corners. It can be noticed that vanishing points have
been found corresponding to a small value of r (r = 18), to a average
value of r (r = 135) and to an infinite value of r, with peaks of

similar shape along y”’.

Figure 5.6.1: Initial images 1 and 2

Figure 5.6.2 : Extracted segments of the images 1 and 2,
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Figure 5.6.3 : Accumulator spaces with all the lines accumulated (For
clarity the image has been scaled from 0 to 255). The axis y=0
corresponds to the vertical lines (For convenience, the 0 reference
has been shifted by n/Z).

Figure 5.6.4 : Accumulator space : the vertical lines have been
removed (For clarity the images have been scaled from O to 255).

An extract of the result of the line classification is displayed in
figure 5.6.6, and the result of the search for perpendicular triplets
of directions in image 1 is displayed in figure 5.6.7. The best scored
triplet corresponds to the triplet displayed in figure 5.6.5. The other
triplet 1is composed of the vertical and the horizontal directions
nearly parallel to the image plane, the other class has been falsely
detected and corresponds to a corner. In image 2, the score of the
triplet is 0.5 which 1is bad because the perpendicularity of the two
corresponding horizontal directions is very bad ; it is compensated by

the very good scores of each of these directions.
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object number =: 1
number of lines : 31

expected number of directions : 6
score :© 0.78
perp. classes and associated scores

5 0.71

6 0.70

11 0.73

13 0.75
Vx, Vy and covariance matrix :

-442 .04 89.44 11839.77 197.37 367.64
element number : 1

xa, ya, xXxb, yb :

214 21 248 17
map, a, b and covariance matrix

0 -0.118 46.24 0.0045 240.91 -1.04
score value : 0.69

Figure 5.6.6 : Extract of the classification of a line with

vanishing point (image 1, V ).
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Figure 5.6.5 : Final classification: the top and the bottom left images
correspond to the main directions detected ; the bottom right
show all the lines classified with a main direction.

images
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perp. triplets and scores
1613 0.608
1513 0.605

Figure 5.6.7 : Result of the search for a triplet of perpendicular

directions (image 1).

Images of various indoor scenes with various viewpoints have been
processed, some examples of the results obtained are given in the next
figures. It has not been always possible to extract a triplet of
perpendicular directions, but it has nearly always been possible to

extract two of them.

Figure 5.6.8 : Initial 1images

Figure 5.6.9 : Perpendicular directions
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5.7 Conclusion

A new accumulator space for the detection of the vanishing points
has been presented. This accumulator space is isotropic and bounded
moreover it ensures a constant quality of the detection of the
vanishing points over the space. In addition it is easily implemented.
It has been compared with other methods, using the Gaussian sphere as

an accumulator space.

Only significant peaks are detected, taking into account the noise
produced by the accidental presence of lines near the peaks. The line
segments are then classified with each of the vanishing point
candidates, 1i.e. significant peaks of the accumulator, by using a
likelihood ratio test which takes into account the parameter
uncertainties associated with each segment. A scoring process provides
the expected number of directions which do not cross the neighbourhood
of the selected peaks by chance, and a measure of the reliability of

these peaks.

An additional Tfilter 1is provided by taking into account prior
knowledge about the perpendicularity of the main directions. This
process compensates Tfor the unreliability of some vanishing point
candidates, when associated with few directions, by the quality of the
perpendicularity to more reliable vanishing points. It does not Ffilter

out reliable candidates even if their perpendicularity is poor.

All tests are based on the principle of the maximum of likelihood,
which does not introduce arbitrary thresholds. The only parameters to
determine are the covariance matrix elements associated with the data
and the parameter a:E(I/£2), which may be determined by statistical
means. Because of their physical meanings, the order of magnitude of
these quantities is generally known. In other words, the thresholding
parameters, usually present 1in any process, have been replaced by
physical parameters, such as covariance matrix elements, which are
included in statistical reasonings. The consistency of the various

reasonings is ensured by the reference to the same probabilistic model
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of the locations of the straight line segments 1iIn the 1image (see
section 4.4). This results in a more robust and predictable method that
works on a large number of different 1images of 1ndoor scenes,
independently of their complexity.
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CHAPTER 6

HIGH-LEVEL 3-D CONFIGURATIONS

6.1 Overview of the method

For matching a 3D model of an object with the features extracted from
the image it is necessary to transform the representations of the model
and/or of the features to obtain comparable representations. Two
approaches may be proposed : either the model is projected onto the
image and the matching is performed between 2D features, or the image
features are back-projected into the model space and the matching is
done at a 3D level. The advantage of the latter approach is that the
back-projection of the image features into the model space makes
explicit the geometrical constraints linked to the consistency of the 3D

objects, e.g. the equality of the opposed edges of a rectangle.

A method Tfor building a 3D representation of the image features
through back-projection is described in this chapter. This approach is
fundamentally equivalent to the former approach but it allows a much

more powerful representation of the information contained in the image.
Previous work

A number of systems propose to match a 3D model with a single view
(Brook, 1984), (Lowe, 1985). The common approach is to project the model
onto the image over a range of viewpoints (e.g- to obtain an aspect of
the object) and to perform the matching between the projected model
features and the 1image features. The representation of the different
aspects of a 3-D model has been the subject of much research (Minsky,
75; Brooks, 1984). Brooks (1984) does not predict all the instances of
an object but rather quasi-invariant features. Lowe (Lowe, 1985) detects
significant groupings, called perceptual groupings, which are matched
with similar groupings iIn the model using a prediction-verification

method. Mohan et al. (Mohan et al, 1989) also use the idea of perceptual
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organisation to extract 2D high level structures e.g. rectangles, for
stereovision. Knowledge representation is a major concern for all these
systems. The data are structured in the form of frames, schema or graphs
corresponding to a particular view-point. Perceptual groupings are
performed on the image to obtain a high level of representation and
reduce the combinatorix at the matching stage. In spite of finding
viewpoint invariant features, the viewpoint dependency 1is inherent to

the type of representation, which remains 2D.

Ballard (1982), Quan etal. (1989), Kanakani (1989) and other
researchers interpret perspective transformation for constraining the
set of viewpoints. This 1is a very important constraint which relies
heavily on statistical inference, 1i.e. lines in the image are unlikely
to meet at the same point by accident. The matching is still performed
at a 2D representation but exploiting additional viewpoint invariance
properties such as thebi-ratio ((Quan et al, 1989) or the angle

relationships (Shakunaga, 89).

Kanade (1981) used parallelism as well as symmetry considerations to
recover the 3D shape of objects. Nelson et al (1985) proposed a
least-slant-angle heuristic to predict the orientation of an object
face. The construction of an object using such techniques is based on
connectivity criteria. For a simple scene, it may be inferred from
connectivity in the image using a simple criterion, but for a complex

scene errors are likely to occur and it is important to minimize them.

Problem definition

Image interpretation 1is concerned here with complex indoor scenes.
For such scenes, the notion of an object, e.g. a wall or a window, Iis
ambiguous. For example the window frame may be either part of the wall
or part of the window. The scale choice may also modify the object
definition. Most of the timeonly part of the object is visible. To
allow a large degree of flexibility at the matching stage, a high level

representation of the image knowledge is required.

Triplets of perpendicular directions have been found in the image. The
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best scored triplet is assumed to correspond to the main directions of
the scene, e.g. the wall limits. AIll lines classified with these
directions have a known orientation in the space ; only their depth is
unknown. Proximal lines are grouped 1in order to form rectangles,

vertices or edges, which are further grouped to form still higher-level

configurations. This construction relies very much on connectivity : if
two segments are close in the image they are likely to be connected in
the scene. Because of numerous hidden faces and thereby numerous
accidental proximity relationships in the image, many errors may oOcCcur.

These errors are minimized by defining the connectivity criterion by a

likelihood ratio test.

The construction of these 3D high-level structures 1is organised in a
hierarchical way. If a grouping is false, sub-groupings may still be
correct and therefore must be remembered. The representation used is (as
much as possible) viewpoint and scale invariant so that matching Iis
straightforward. The more complex the 3D structures, the more
constraints on the matching. The only unknown parameter of these
structures is depth (i.e. scale), which will be deduced from matching in
a latter stage. The viewpoint invariance of parameters and relations is
inherent to the type of representation and thereby is fully exploited in

a natural way.

Section 6.2 describes the connectivity criterion used for the
construction. Then, section 6.3 describes the set of 3D structures
built. The method has been tested on indoor scenes and the results are

discussed in section 6.4.

6.2 Connectivity

First, close lines of the same class, i.e. lines which are parallel
in the 3D world, are merged, in order to restore the connectivity of
long edges and to simplify the representation. A set of 3D parallel
lines merged together is called a linear structure, the representation
of which will be detailed iIn section 6.3. Then, perpendicular linear

structures, assumed to be connected in the scene, are grouped in order
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to form higher level structures. The connectivity criterion associated
with each case is defined in this section, followed by a desccription of

the merging process.

6.2.1 Merging lines parallel in the 3D world

Merging close lines which are parallel in the 3D world aims at
restoring the connectivity of the edges which may have been broken by
thresholding of the maxima of the gradient, or by eliminating small
segments after having extracted the lines (see chapter 4). This merging
process also aims at simplifying the final representation. Indeed, close
parallel lines may be hypothesized to belong to the same 3D structure
and would better be represented by one line. For example, the mouldings
of a frame door may generate numerous close parallel lines in the image,
which are useless for the semantic interpretation of the scene and
unlikely to be present in the model of the scene. When restoring
connectivity, the segments cannot be overlapped, but when simplifying

the representation they may overlap (figure 6.2.1.1).

without overlapping with overlapping

Figure 6.2.1.1 : Example of close parallel segments, with and without
overlapping.

The restoration and simplification processes are complementary. The
criteria for restoring orsimplifying are based on two different
decision variables, q) and[)r where DO isthe transverse distance
between the segments candidates and is the longitudinal distance
between these two segments (see Tfigure6.2.1.2). The straight [line
segments are candidates for the edge restoration if D * 0, otherwise

they are candidates for the simplification process.
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DO
D-|=0

Figure 6.2.1.2 : Definition of DO and D1

Two straight line segments and Sare merged if they satisfy both

tests for the restoration (if D”0) and the simplification.
Definition of the simplification test

The simplification process is arbitrary by nature, since it is not
associated with an uncertainty but with details unecessary to the
interpretation. Close parallel lines are assumed to belong to the same
3D structure, but little information 1is available to quantifying
close”. In order to control the process, an upper boundary, k<rd, of the
distance between such 'close" lines is fixed, where <« is the equivalent
of an uncertainty and is defined in the following. As the simplification
test is performed with colinear segments assumed to belong to the same
edge, it should also deal with the transverse uncertainty. Thus, by
similitude with the distribution of the transverse uncertainty, the
distribution of the distance between two lines belonging to the same 3D
structure is assumed to be a Gaussian law, with the uncertainty a™
Therefore a, is assumed to bezat least equal to V2*CrO (as the variance
of the transverse error is 27), where a™ is the transverse uncertainty

defined iIn section 4.4.1. The likelihood test may now be defined.

Let the straight line segments S and S’ correspond to (DO,D1:0)- Then
the hypothesis H is defined by : the segments S and S’ are close
parallel straight line segments in the scene. If the hypothesis H is

verified, then, as been seen previously, Dg 1is assumed to obey a
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_ _ _ 2 i, _
Gaussian law with variance ay- Otherwise, D0 is assumed to correspond to

a uniform law. Thus the densities of probability p and p” are

D2
p,® )= exp (—-- ) and p Q) =--—- (6.2. 1.1)
erf(k) VZn @ "Zcrd Cka

To estimate the ratio p(H)/p(H), H has to be made explicit. The
segments S and S” verify H if, either

- one of the segments or both have been misclassified,

- or the two segments are close in the image by chance.

Let Hg be the hypothesis that the straight line segment S has been
correctly classified (respectively for S”), and let be the
hypothesis that S and S” are close in the 3D space. Then, p(H)/p(H) is
equal to
o(H) piHjpiH~ Npt™) 6.2.1.2)
pP(H) PH DM dpH D+pH DPH D+ IPHD) + p(H) )

The probabilities p(HQ) and p(H") are given by the scores associated
with the classification of S and S” with the class of 3D parallel lines
studied (see section 5.3). The probability of is deduced from the
probability of H . To compute the probability of HY, two cases island

are considered whether it is (case £ ) or it is not possible (case

to have two segments S” and S" lying on the same side of S and at the
same distance Dq from S, According to the statistical model defined in
section 4.2, the centroid of the segments are assumed to have a uniform
distribution in the iImage. Let P be the centroid of S, B be the band of
the 1image parallel to S with centre P and width kxr , and n” be the
expected number of straight line segments in the band B of the image.

The probability of having a segment S” in B such that D = 0 is
pHD)=1- @ p’UuNV YV 6.2.1.3)

where h is the height of the band B. As n” 1is proportional to the

surface of the band B, n’k/h = n a /A, where A is the area of the image.
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In the case 1? , this probability is equal to

a U+V)
p(HD =n k- — F-—— (6.2.1.4)

The real case 1iIs iIntermediate between cases E’l and £2- If <rOI = o

then the case to consider is ’?2, ig d 1is very large then it Iis Wl'
However, if Icrd(£+E,’)/A is small, then eg. 6.2.1.3 and 6.2. 1.4 are
equivalent. Then when pCH") 1is small enough, eg. 6.2.1.4 is valide,
which is supposed to be the case here. Thus, the LR test is completely

def ined.

From eq. 6.2.1.2 and 6.2.1.4, the likelihood ratio test defined Iis

equivalent to

D2
RS T(n,M\p(Hy).pHID 6.2.1.5)
0

where T decreases when n, 1 and V increase, and increases when p(H )
and p(H") increases. The more numerous the class, the more selective the
test. This allows the relative importance of each class in the image to
be kept. As pCHM) and p(H") also depends on I and V , T decreases when
n, 1 and 1’ are large enough and increases when V and V~’ decrease, V and
V” being the decision variables associated with S and S” for classifying
them with the vanishing point considered. Therefore if V and V~ are
small, the quality of the parallelism of the corresponding 3D lines is
likely to be very good, then the lines are likely to belong to the same
structure and it is normal to have a tolerant test for Do' IT the
segments are long, then they should be very close in order to be merged.
This is very good, since if the segments are long, they usually are very
significant and to merge such parallel segments is dangerous because the
risk that they belong to different structures is relatively high (i.e.
p(H™) is high) and merging them would result iIn a substantial error of
localisation for one or the other structure. It is more natural to group
the small segments around a large one, than to group large segments
together. Therefore, the test defined behaves iIn a very satisfactory

way -
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Definition of the restoration test

Let the straight line segments S, S” correspond to (Dg, D™O). The
hypothesis H tested is : the straight line segments S and S’ are
colinear and connected in the 3D world. If H is verified then D1 is
assumed to correspond to an exponential law with expected value 2« ,
being defined in section 4.4.1, but if they are close by chance, then Di
is assumed to correspond to a uniform law. For avoiding the difficulties
due to the image bound, the set A of pairs of segments considered here
is such that @%cr®, D <kr ), the segment S and the endpoint
considered being fixed. This has the additional advantage of fixing an
upper boundary to the possible values for D , useful when the
segmentation error risk is very low. The value of k is such that if A is
known to contain one pair, the probability that it contains an
additional pair is nearly zero. Typically k is equal to 2, corresponding
to the risk of missing a pair of segments connected in the 3D space

equal to 9. Thus, p" and pcorresponding to H are

1 kK D
p )=—-— exp (-———) and p,@O)) =—-— 6.2.1.6)
1@ T o« R
i i |
The ratio p(H)/p(H) 1is given by eg. 6.2. 1.2, where Hq and are

defined as previously and H 1is the probability of S and S” belonging to
colinear structures. To compute the probability of H , two cases © and
&2 are considered whether it is (& or It is not (@ ) possible to have
two segments S’ and S lying on the same side of S and at the same
distance D from S. According to the statistical model defined in
section 4.2, the centroids of the segments are assumed to have a uniform
distribution in the image, so are the set of the first endpoints and the
set of the second endpoints, where the Ffirst endpoint is defined as the
endpoint closer to the vanishing point. Let a be the area of the
rectangle with centre P, length kv/cr™ and width kx . In case © , if a is
assumed to contain one Tfirst endpoint, then the probability for a to

contain one second endpoint is

p(H) = 1 - (@--3-)n 6.2. 1-7)
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where A is the area of the image. In case this probability is equal
1o

H = 6.2. 1.8

PCHD =n ( )

The real case 1iIs iIntermediate between cases £ and If = Ver?,

then the case to consider is Sz’ iI it is very large then it Iis 1Sl-
However, if a/S is small, then eg. 6.2.1.7 and 6.2.1.8 are equivalent.
Now, by hypothesis a/S is small, so that eq. 6.2. 1.8 1is valid and the

likelihood ratio test is completely defined.
Thus, the likelihood ratio test defined is equivalent to

D2
S TCLPC).pCH ) (6.2.1.9)
1

where T(n,po>p”) decreases when n increases, and iIncreases with p(HQ)
and p(H™). As previously, the more numerous the class, the more
selective the test. The less reliable the straight line segments, the
more selective the threshold. It has been seen that the small segments
are associated with a small value for p(HO) in section 5.3, therefore
merging two small segments requires a small distance DV, which is very
satisfactory as the evidence for a long linear structure is low in such
a case. If segments are long but associated with a low score, either
they have been misclassified, or they are unlikely to be exactly
parallel in the 3D scene and thereby to belong to the same object. In
this case the LR test is more selective, which is what was expected. On
the contrary, segments with a high score are necessarily long and with a
good parallelism, and the LR test is tolerant for D , i.e. the length of
the gap between them. Once again the LR test behaves in the expected

way -
Discussion

The definitions of the density of probability p* for the
simplification stage are somewhat arbitrary. Actually, the distribution

of close lines, corresponding to various details of the same structure
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is unknown. The Gaussian model describes the simplification process,
rather than a physical reality. However, it is able to deal properly
with the uncertainty defined by a in chapter 4. The exponential model
associated with the length of the gapsbetween two line segments of the
same edge is justified in a similar way to the distribution of the

segment lengths (see section 4.4.2).

In the above definitions of the tests, the convergence of the
segments of the same class due to perspective 1is assumed negligible
when these segments are close, 1i.e. Dg 1is assumed constant. This
assumption 1is largely justified compare with the other assumptions

already made, such as the distribution of Dq for the hypothesis (H".

The separation of the tests allows emphasis of the importance of the
endpoints in a connectivity test. It is noticeable that the longitudinal
merging is easier if the segments are long and that the converse is true
for a transverse merging, and that it is a satisfactory behaviour in

both cases.

Thus, because of the simplifications made, the model chosen is not
claimed to represent the full complexity of the problem of connectivity,
but is rather a reasonable guide for finding adaptative tests which

behave iIn a satisfactory way.

Merging process

Before performing the LR test, the segments are sorted by scores.
Once two straight line segments have succeeded the LR tests defined
above, then they are merged by using the Kalman filter, in a way similar
to (Ayache, 1988). The Kalman Ffilter provides the uncertainty of the
line parameters and the longitudinal uncertainty of the endpoints is

still 4]-

6.2.2 Grouping lines perpendicular in the 3D world

The purpose of this section 1is to define a test for selecting

perpendicular lines, likely to belong to the same planar structure in
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the scene, e,g. a rectangle. The straight line segments have been merged
into linear structures, as described iIn section 6.2.1. Therefore the
connectivity criterion described here applies to perpendicular linear

structures.

A similar reasoning to that previously is applied to the distances D
and D”, between the segment S and S” (see figure 6.2.2.1). For computing
the ratio pH)/p(H), it is considered that +two parallel [linear
structures cannot lie in the neighbourhood of interest by construction
(due to the simplification process, see section 6.2.1). Actually, it is
not strictly true, since the LR test is not a neighbourhood test, but it
is sufficient to consider only case ¥ described in section 6.2.1.
Again, for defining the LR test, two cases are considered, whether D is

equal to zero or not (figure 6.2.2.1).

S

D

Figure 6.2.2_.1 : Definition of the distance D and D’ associated
with the images of 2 perpendicular segments

Intersection point lying on S

IT the intersection point of the straight line segments S and S” lies
on S, then D=0. Either it also lies on S” and D’=0, 1in which case the
segments are assumed connected in the 3D space. Or it does not lie on
S”, i.e. D”0. Similarly to previously, D’ is bounded by k/¥s, where is
the variance of D’. The density of probability pi of D’ is a Gaussian
law with variance €2( = (sin0)2a2 + a2, where 0 is the angle between S
and S’ and aiis the transverse uncertainty of S The density p, 1is

uniform
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PAD?) S-=--322 exp (’___9_ 6.2.2.1)

The ratio p(H)/p(H) 1is given by eq. 6.2.1.2, where p(H ) and p(HQ) are
defined as in section 6.2.1 and pCH” is

k od
p(HI) = n ———R— (6-2.2.2)

where n is the number of linear structures parallel to S and A the area

of the image. Thus, the LR test is completely defined
Intersection point outside of the segments S and S~

Supposing the intersection point of the straight line segments lies
outside of both segments S ans S”, i.e. D*0 and D**0, let V be (D,D”)
and Cy the covariance matrix associated with V, equal to the sum of the
variances associated with D and D”. The densities of probability are

defined as eq- (6.2.2.1)

vtc" v

P Q) = ep -1 ) p®-=--- 6.2.2.3)
erf(k) 27r/det(CV)' kv’\detiCV)'

The probability piH®) is now equal to

k2 det(C )
pHD) =nn” —— i - (6.2.2.4)

where n is the number of linear structures parallel to S and n” is the

number of linear structures parallel to S’.
Discussion

Again, the test is tolerent when there are few structures. The test
for connecting the linear structures through the endpoints 1is more
tolerant than the test for connecting the structures along one of the
segments. This is due to the probability of false connection which is

higher in the latter case, which is easy to admit.

The model adopted for p* 1is Gaussian, because it allows the 2D
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round-up effect to be more easily dealt with than by using an
exponential model (because of the easy generalisation of the Gaussian
law to the 2D case). Practically, the difference of results due to the
choice of this law is negligible compared with the difference of the
results when using various values a”. This result must be compared to
similar results for the relative importance of the shape of the Ffilter

and the choice of the parameter, described in chapter 4.

Thus, a LR test has been defined for grouping structures assumed
perpendicular and connected in the 3D world. This test will be used to

construct higher level primitives, such as rectangles or vertices.

6.3 3D Structures

At each level of the direction interpretation tree (3D direction pair
of perpendicular directions, triplet of perpendicular directions), it is
possible to associate 3D structures (3D lines, 3D rectangles and

ellipses, vertices and edges) by using proximity criteria (figure

6.3.1).
Parallel and perpendicular 3-dimensional
groupings structures
Triplets of perpendicular Vertices and adjacent structures
directions and associated Edges and adjacent structures
lines
Pairs of perpendicular Rectangles
directions and associated "Comb™ structures (U,L,T...)
lines and ellipses Circular arcs
Parallel lines Linear structures

Figure 6.3.1: Construction of 3-D structures
from the direction interpretation tree.

The perpendicularity of the principal directions are clearly not

perfect. As the representation looked for aimed at being symbolic,
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including forms such as rectangles and rectangular corners, it 1is
necessary to correct for the lack of perpendicularity of the directions
involved. This correction is achieved by a LMS method applied to the
directions found, using the covariance matrices associated with them
(they are deduced from the vanishing points covariance matrices). Thus,
the parallelism or perpendicularity involved in the structures described

in the following is quasi perfect.

In the following, the structures are described in the 3D scene with
respect to the camera coordinate system. The only reference to the image

is concerned with the connectivity test.

Linear structures

Main directions of the scene are supposed to be known from the method
described in chapter 5 and image lines are associated with each of them.
A merging process of these lines allows 3D linear structures to be
built. A Ilinear structure 1is assumed to represent a 3D straight line

segment present in the scene.

Two types of linear structures are created, the linear structures
obtained from a set of close parallel segments in the image and the
linear structures obtained from an alignment of points with a vanishing

point. The latter structures are called subjective structures.

The former type of Ilinear structure 1is obtained by merging close
segments which are parallel in 3D space, by using a merging process
similar to the process described in (Ayache,1983). Two segments are
parallel in the 3D space if they are classified with the same vanishing
point and they are close if they succeed the likelihood test defined in

sub-section 6.2.

When numerous and close parallel lines end on the same perpendicular
line, the round-up effect of the edge detector prevents the
perpendicular line from being extracted. To recover such lines which may
have an important part in the scene (they often are the limit of a wall

or a main structure) a linear structure has been created called a
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subjective linear structure. A subjective linear structure is obtained
by accumulating the direction of the segments defined by the end points
of an 1image segment and a vanishing point. Only the image segments
classified with a direction perpendicular to the direction defined by

the vanishing point are considered (figure 6.3.2).

v

do

subjective lire

Figure 6.3.2 : Example of a subjective linear structure

A linear structure 1is defined by 1its orientation, its centroid
position and its length within the camera coordinate system. These
parameter values are deduced from the location of the corresponding
segment in the iImage and the vanishing point coordinates. Only the scale
of this representation, i.e. the depth of the structure, is not known.
Let (C.r™JN.K*) be the coordinate system associated with the camera,
where C is the optic centre, (C,K**) the optic axis and (C,T") and (C,X*)
the axes parallel to the image coordinate system. Furthermore, let f be
the algebraic distance from C to the image plane and O the principal
point (i.e. cd = f K4). A 3D linear structure is represented 1in this

coordinate system by :

Linear structure : associated vanishing point V ; =0~ + f
Orientation
Centroid/depth co _
d f
L, IAB 1 1CVI
Length/depth £ MV
Depth d = unknown
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where A and B are the end points of the image segment corresponding to
the linear structure, and where M 1is the mid-point of the segment AB
(M is not the projection of G). The centroid location and the length are
represented by the 'reduced” coordinates, 1i.e. the vratios of the
centroid coordinates to the depth, and the ™"reduced" Ilength, 1i.e. the
ratio of the length to the depth. By definition the depth is the third

centroid coordinate ; it defines the scale of the above representation.

Therefore, a set of close segments in the image, supposed parallel in
the 3D scene, has a 3D representation parameterized by depth. This
representation enables the correction of the distortions due to the

perspective, e.g- recovering of the real centroid of the segment.

Circular structures

An ellipse in the image is assumed to be the projection of a circle
in the scene. This circle is assumed to be lying in one main plane, that
is a plane associated with two principal perpendicular directions (see

section 5.5).

A circular structure is a 3D arc characterised by two directions, its
centroid location and its radius. These parameters are deduced from the
location of the ellipse in the image and the associated vanishing point

coordinates.

Circular structure associated with the vanishing points Vi and

Orientations iq
2
Centroid/depth G _ 0¢C + f~
d f
icvi |
_ R _ 1ABI
Radius/depth d 2 F |Wi |
Depth unknown

where A, B, M and q are in the image and are defined in section 5.5 and

the orientations are defined as above.
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Rectangular structures

There are 2 types of rectangular structures : the 'comb"™ structures

including U,L and T shape structures and the rectangular structures.

The 'comb"™ structures are formed from a linear structure, called the
principal structure, and the perpendicular linear structures that are
in close proximity, called the "teeth”. Two linear structures are close
if they succeed the LR test defined in section 6.2. There 1is no notion
of a “cross™ structure, therefore a '"comb" structure is the set of the
principal linear structure and the associated perpendicular structures
(the teeth of the comb) 1lying in a half plane defined by the principal

structure. Two '"comb" structures are created In the case of a cross

configuration (see figure 6.3.3).

Figure 6.3.3 : Example of comb structures

The "‘comb™ structures are much less numerous than the set of specific
structures such as L,T,U and X shape structures (O(np) for L, T and X
shapes or 0(np2) for U shapes against at most 2n for the comb
structures, where n is the number of linear structures associated with
the direction considered and p 1is the number of Ilinear structures
associated with a perpendicular direction). They are more significant as
they usually represent parts of a plane and not any specific structure,

the detail of which would often be omitted in the model.

The comb structure is the basis of the following construction, 1i.e.
any structure described in the following is a set of comb
structures which have a common linear structure in a way which will be
described later. Therefore, the further reasoning is exclusively in 3D

space.
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A rectangular structure is defined by two comb structures such that
the principal linear structures associated with them are parallel and
they have at least one tooth in common. If they have several teeth in

common, only the largest rectangle is generated.

A comb or rectangular structure is characterised by iIts two
directions, its centroid location and its length and width. That is to

say :

Comb or rect structure associated with the vanishing points V and

orientations IE

0/\

2
centroid/depth ca
half plane +1 or -1 (in case of comb structure)
{d /depth} dll-dn(in case of comb structure)
lengthl/length2 A = L1/L2
area/depth2 a = L1L2/d2
depth d = unknown
where the variables are :
- comb structure : {di} are the algebraic distances between the

perpendicular structures and the centroid of the principal structure
(in the 3D space), L 1is equal to d -d* and L™ is the maximum length
of the teeth, where the teeth are consistently scaled (figure 6.3.4).
Here the centre is the centroid of the principal linear structure.

- rectangle : L is the length of one edge and L™ is the length of the
other edge, with the "comb™ structures consistently scaled. The point
G is defined from the centroid G of one edge (corresponding to the
direction and the length L ) such that GC™ is parallel to with
a length equal to L /2. It is calculated using the 3D representation

associated with the comb structures.
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Figure 6.3.4 : Consistent scaling of a tooth of a comb structure

Edges and vertices

An edge is formed by two perpendicular comb structures which have the
same principal linear structure. It 1is characterised by this linear
structure, the two other perpendicular directions and its concavity. It
is possible to hypothesize the concavity of the edge by considering the
relative positions of the linear structures and the associated vanishing
point in the image (see figure 6.3.6). When two directions are parallel
to the image, the concavity 1is undetermined, case vrare since the
vanishing point associated with the third direction should be exactly at
the principal point location (let us remember that, now, the
perpendicularity of the directions 1is quasi perfect). An edge is not
necessarily bounded by one or two corners as no connectivity criterion

is applied to the respective ends of the comb structures.
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Figure 6.3.5 : Example of an edge built from 2 comb structures

A vertex 1is defined by a triplet of consistent perpendicular comb
structures, 1i.e. each principal linear structure is a tooth for the 2
other comb structures. It is possible to hypothesize the concavity of
the vertex and the existence of a hidden face by considering the
relative positions of the linear structures, the vertex and the

associated vanishing point in the image (see figure 6.3.6).

Vn V”

Figure 6.3.6 : Position of the vertex according to the orientations of
the edges.

A vertex is characterised by :
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Vertex structure associated with the vanishing points V , V2 and V3

orientations U
U
u"
3
Concavity concave, convex, convex with 1 hidden face
corner/depth ga
lengths/depth L ,L_,L
172773
depth d = unknown

where G is the intersection of the 3 principal linear structures, which
are first consistently scaled. Because of uncertainty of measurement,
the linear structures do not intersect exactly, and G is found by a LMS

method.

3D configurations

The hierarchical links are recorded with each structure. For example,
/a rectangle is made of two comb structures, the identity of which 1is
recorded with the rectangle. It is therefore possible to create a 3D
configuration by propagating the depth information down to the linear
structures involved, then up to all structures concerned with these

linear structures (i.e. structures adjacent to the initial structure).

The 3D configurations may be built from any structure. However, it
would result in numerous redundant 3D configurations. We have chosen to
build them only from significant features, such as the rectangular
corners and the rectangles. The propagation of the depth of a
structure, say with centroid G, to adjacent structures, Tor example
a structure S; with centroid @, 1is a simple geometric problem, which

may be decomposed into a set of elementary problems of two types :
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- either the point G” iIs constrained to lie on the line (P,U ),
where P and Uare known (see figure 6.3.4) ;
- or the point G 1is constrained to lie on the plane (G ,uUr.U%),

where Gl’fJ and U2 are known.

In the first case, the point G; is the intersection of the lines (PJI;)
and (0,G2). In the second case, G" is the intersection between the plane
@GMir’.™y) and the line (0,G2). In spite of the connectivity in the
image, no iIntersection point may exist because of the correction of the

perpendicularity. Therefore a LMS method must be performed.

The third coordinate of G fixes the depth and hence the scale of the

structure S;-

The propagation to the adjacent structures may be stopped or carried
on until the process 1is stable. The result of this propagation is
unreliable when there are numerous hidden faces. However, even if
erroneous at times, the 3D configurations gives information about the
general organization of the scene. For example, information such as 'a
long vertical structure (e.g- a wall) have been detected on the left" is
valuable, even if the relative depths of the different objects along
this structure are wrong. When no hidden face exists on the part of the
scene studied, then a 3D configuration is a local 3D map, only the scale

of which is unknown.

Thus, the 3D structures built are hierarchically organized, from the
linear structure to the 3D configurations, which gives a local 3D
interpretation of the image in terms of a set of connected symbolic

forms, such as rectangles and corners.

3D representation

The 3D structures have a symbolic representation defined by a number
of parameters independent of the depth (the depth is the single unknown
variable). This representation allows the intrinsic geometric properties

of the 3D form to be implicitly used. For example,
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- The use of a 3D representation associated with the linear
structures has very much eased the construction of higher level
primitives.

- For a "comb™ structure the ratio d~d. is obviously viewpoint
invariant; this property 1is a natural translation of the
viewpoint invariance of the bi-ratio used to reduce the
combinatorix by some researchers (Quan et al, 1989). Moreover,
only 3 points are required here against 4 in the bi-ratio.

- For a rectangular structure, the vratio of the lengths is
independent of the viewpoint.

- The variations of the area parameter are bounded by the extrema
of the depth, 1i.e. by a relation depending on the ratio of the

focus distance to the depth of field of the camera.

It has been seen that the lack of perpendicularity of the triplet or
pair of directions found by the vanishing point detection process must
be corrected. In order to minimize the effects of a possible error
during the detection of the vanishing points, this correction may only
involve the directions concerned with the structure studied. For
instance, no correction is made for the direction of a linear structure,
and for the two directions of a rectangle a LMS solution is computed
only involving these two directions (so that the plane of the rectangle
is unchanged). In pratice, the orientations associated with the
structures are recorded using labels associated with the triplet of
directions studied, so that the degree of correction of perpendicularity
may depend on the results of a further process. For instance, if
numerous constructed structures may be successfully matched with model
structures, then the corresponding triplet of perpendicular directions
is valid, and the correction 1is made once for all, using the three
directions. But if there 1is not enough evidence for a triplet of
directions, it is better not to propagate the possible errors. In any
case, the consistency of the representation built is ensured by the use

of labels.

A 3D structure is visualized by setting the depth to any arbitrary

- page 195 -



High-level 3D configurations

value. For convenience, this value has been chosen equal to the focal
length. The lack of perpendicularity between some structures, such as
the linear structures, comes from the absence of correction of their
associated directions (see the previous paragraph), but a rectangle or a
rectangular corner is always perfect. As an example, a 3D rectangle Iis

visualised in figure 6.3.7.

Figure 6.3.7 : Visualisation of the 3D structures

Now, the matching may be performed between two 3D representations,
which avoids the extraction of the visible features from the CAD
data-base and the projection of the model onto the image for a range of

viewpoints and therefore it reduces the combinatorix.

It has been shown that it 1is possible to extract a natural 3D
representation of the features extracted from the iImage by using a set
of assumptions. The Ffirst assumption is concerned with the type of scene
processed and relies on the validity of the vanishing point detection.
The second assumption is concerned with the connectivity criteria. These
criteria are used once for the construction of the linear structures and
the comb structures. Then, the construction of higher level primitives

is only concerned with the comb structures, using reasoning in the 3D
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space. This construction exploits the hierarchical links between the
structures, e.g- structures sharing a linear structure. At the top of
this hierarchical construction are the 3D configurations which are
similar to local 3D maps. The 3D geometrical properties of the features

extracted are intrinsic to the 3D symbolic representation used.

6.4 Results

The approach previously described has been applied to a set of indoor
scenes of a power plant. The results are qualitative because matching
with a model has not been performed. Only the most significant triplet
of perpendicular directions has been taken into account. It has been
possible to extract numerous significant structures from each image such
as the door frame, the cupboard frame, parts of the walls and floor and

corners.

The 3D structures are displayed by using orthographic projections in
the camera coordinate system. They are back-projected onto the image to
evaluate the consistency of the 3D location of the structure and its

projection onto the image.

The entrance to an air-lock 1is displayed in figure 6.4.1. 107
segments have been extracted and 116 linear structures, 66 rectangular
structures and 3 vertices and 4 edges have been constructed. The
segments are displayed in figure 6.4.2. The linear structures are
displayed in figure 6.4.3, then the U structures in figure 6.4.4, the
rectangular structures in figure 6.4.5 and the corners structures in
figures 6.4.6 and 6.4.7. The depth has been propagated over the first
adjacent structures in figure 6.4.8. Four connected components have been
found, the Ffirst component represents the air-lock entrance, the second
a part of the wall and the remaining two the top and the bottom of the
cupboard. This local interpretation of the scene is the highest level of
the representation described. It 1is possible to see how the
interpretation of the scene has been improved from figure 6.4.3 to
figure 6.4.8. The back-projection is very satisfactory.lt demonstrates
that the vanishing point has been accurately detected. The Ilack of

perpendicularity between some structures is due to the fact that it has
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only been corrected when necessary, e.g. for computing a rectangular

structure but not for computing the linear structures.

Two different views of the same scene have been processed ; the results
are displayed in figures 6.4.9 and 6.4.10. In figure 6.4.9, the shadows
of the cupboard and a part of the wall behind it have been aligned with
its doors. This illustrates the risk of error associated with the
propagation of depth to adjacent structures. An ellipse has been found
on the second one and has been interpreted as the projection of a circle
onto a plane parallel to the air-lock entrance. The two representations
of the cupboard front, associated with different view points (Ffigure
6.4.12), show that the ratio of the lengths and the ratio dmin/dmax are
almost 1identical in accordance with the viewpoint invariance of both
ratios. The areas and the distances dmin and dmax are similar because
the camera was approximately at the same distance (along the Z axis)

from the cupboard.

A different and more complex scene is displayed in figure 6.4.13. The
interpretation does not clearly show the main components of the scene
such as the cyndrical tank, the blackboard or the table. Nevertheless it
shows pretty well the organisation of the space : a wall on both sides
with an obstacle in front of the tank and some elements on the right
wall as well as volumetric elements on the ceiling (pipe structures).
Some [linear structures may have either horizontal direction. Both
alternatives remain 1in the interpretation. The two parts of the
horizontal pipe on the ceiling are not really perpendicular. In this
case, the correction of the lack of perpendicular does not correspond to
a physical reality and therefore may be subject to discussion. This is
responsible for the bad quality of the back-projection. It could have
been decided to correct the lack of perpendicularity only when it is

Tow.

These examples show the limits of the interpretation. Shadows, hidden
parts are subject to mistakes ; however, shadows and hidden parts
depends on the viewpoint and their mis-interpretation should not persist

throughout the analysis of a sequence of images. The wuse of
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perpendicularity may introduce inaccuracy and must correspond to a
;eliable prior knowledge of the scene. In spite of some mistakes or
inaccuracy, the interpretation of the monocular images studied gives a

good idea of the spacial organization of the scene.

Figure 6.4.1 : Initial image

Figure 6.4.2 : Detected lines.
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Figure 6.4.3 : linear structures

Figure 6.4.4 - Comb structures
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Figure 6.4.5 : Rectangles

Figure 6.4.6 : Edges
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Figure 6.4.7 : Vertices

Figure 6.4.8 : Propagation of depth to adjacent structures
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Figure 6.4.9 : 3D interpretation, same scene, different viewpoint
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Figure 6.4.11

edtl2d.str

type: Comb structure

orientations: 0.559 0.041 0.828
0.028 -0.998 0.030

G : -31.76 -44.22 250.00

half plane: +1

d]: d2: 41.6 -42.4

A 2 0.73

2
a f :9648.0

Ellipse interpretation

edtlld.str

type: Comb structure

orientations: 0.773 0.036 0.633
0.034 -0.999 0.015

G : 60.55 -42.23 250.00

ha If plane: +1

d ,d - 40.5 -44.4
1 2

A - 0.76

2
a f - 9454.6

Figure 6.4.12 : Same model structure under 2 different

viewpoints,

with the depths set to f = 250.
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Figure 6.4.13 : Initial image of another scene

Figure 6.4.14 : Scene interpretation of the scene displayed in figure
6. 4. 13.

6.5 Discussion and conclusion

A method for constructing 3D structures from straight 1lines and
elliptical arcs extracted from an image has been described in this
chapter. Two or three principal perpendicular directions in the scene

are supposed known, and the features considered parallel to them in the
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3D space (it is the subject of chapter 5). The construction of the 3D
structures relies on the connectivity of the features in the 3D space.
Since connectivity in the image is not sufficient to ensure connectivity
in the scene, a likelihood ratio test has been defined iIn order to
optimize the probability of a correct decision. As there is redundancy
of the features, linked to the unnecessary details of the structures
considered, e.g. the mouldings of a frame, close structures have been
grouped in order to simplify the final representation. Albeit the LR
test is based on statistical models which are somewhat arbitrary (e.g.
the distance between "close™ structures is defined by a Gaussian law) it
behaves very well, as it simplifies the representation around the

longest, and therefore the more reliable, structures.

It has been shown that the representation of the knowledge contained
in the image in the form of a hierarchical tree of 3D structures is very
powerful for exploiting viewpoint invariant properties and geometrical
relationships between the image features iIn a 3D image interpretation
process. It relies heavily on the robustness of the vanishing point

detection and the classification of lines.

The 3D representation of the information extracted from the image
allows the matching process to be performed between similar
representations. The combinatorix 1is Qlimited by the -high level
representation of the complex structures. The matching strategy may be
based on a prediction-verification paradign and 1its feasibility is
fundamentally the same as Lowe’s method because the information
available is the same ; only 1its representation differs. The
representation described in this chapter is a powerful and homogeneous
data structure which implicitly contains Brooks” quasi-invariant

features, Lowe’s perceptual groupings and Quan’s bi-ratio property.
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CHAPTER 7

TOWARDS A CAD DATABASE

7.1 Introduction

This chapter aims at illustrating the efficiency of the 3D
representation described in chapter 6, on a particular problem : 3D map
construction. Only the aspects relevant to the work described in the
previous chapters are fTully studied in the following sections ; the
matching process required for the construction 1is only examined with
respect to its feasibility. Then, the constructed map is transferred to
the database of ROBCAD, a CAD software for robotic simulation which uses
a b-rep representation. Matching with PDMS (the CAD database used by EDF
for storing a representation of a nuclear plant) is demonstrated. The
construction of a 3D map has been tested on an indoor scene of a power

plant (where the matching process has been done by hand).

Several views of the same scene are used to infer the relative depth
of the structures, in order to build a symbolic 3D map of the scene, the
scale of which remains unknown. The relative positions of the cameras
for the different views are not known a priori, but are given by the
process with respect to the constructed map. Thus, the same camera in
motion may be used for the different views (which may be recorded on a

video tape). This makes the acquisition procedure very simple.

The strategy is the following. The coordinate system of the 3D scene
is defined such that its origin is located at the origin of the first
viewpoint and its axes are parallel to the main directions of the scene.
The first view is called the principal view and a second view of the
scene 1is used for the determination of the relative depths of the
structures of the principal view. From this process, the location of the
second view in the scene coordinate system is known. The second view
then becomes the principal view, the structures of which are located by

using a third view, and so on. Up to now, there 1is no possible
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contradiction between the different views, during the construction of
the map. This is the object of further work. At the end of the process,
a 3D map of the scene, in terms of rectangles, corners, vertices and so
on, has been built with respect to the scene coordinate system
previously defined. The scale of the whole representation remains
unknown, but the different elements of the map are consistently scaled,

by contrast with the 3D configurations described in chapter 6.

Matching 3D structures from different views 1is vrequired. It is
demonstrated that the 3D representation adopted should make it easier,
but no precise matching process is described, as it will be the subject

of further work.

7.2 3D MAP CONSTRUCTION

General principle

Classically (e.g- (Ayache, 1988; Marapane et al, 1989)), the depth of
a structure (e.g- edge, region) 1is determined by triangulation of the
images of this structure, when using different viewpoints. This requires
matching the images corresponding to the same structure in the 3D world.
Here, the 3D world has already been interpretated with respect to the
coordinate systems associated with the viewpoints. The relative depth of

the structures is computed in two steps :

- determination of the second viewpoint location,

- determination of the depths of the structures of the principal
view matched with structures of the second view,

- propagation of the depth to the 3D configuration extracted from

the principal view.

Since the three main directions of the scene are supposed detected by
the process described in chapter 5 for each viewpoint (f only two
directions have been detected, the third one is automatically deduced
for completing the orthogonal triplet), and the camera 1is supposed
approximately up-right, the 3D structures extracted of each view may be

represented in a coordinate system parallel to the main directions of
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the scene, by simply performing a rotation. The origin of one system
with respect to the other remains to be determined. This may be achieved

by matching a pair of connected points or a rectangle.
Rotation

First, let us remark that any linear geometrical transformation (e.g-
a rotation, a translation or a change of scale) is straightforward when

using the 3D representation described in chapter 6.

The rotation matrix is given by the main directions of the scene, U,
which are the unit vectors of the new coordinate system. This system Iis
oriented as follows : (Ui,g*;o;*), where U; is the vertical direction
oriented towards the bottom and U3 is an horizontal direction oriented
towards infinity (opposite to the camera) (figure 7.2.1). The choice of
the horizontal direction corresponding to is made with the first
view, e.g- the one corresponding to the vanishing point the closest to O
or such that xy>0, if there is an ambiguity. The correspondence of the
horizontal directions between two views Tollows the same principle.
Whether there is a vanishing point close to the principal point of the
image and the other one 1is at infinity then the correspondence is
straightforward ; or both vanishing points are at similar distances from
the principal point and they appear in the same order on both views.
Thus, the 3D structures corresponding to both viewpoints studied are now

represented in coordinate systems W and if parallel to the main

directions of the scene and parallel between themselves (figure 7.2.2)
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Figure 7.2.1 : Orientation of the axes associated with
the scene coordinate system

Figure 7.2.2 : New coordinate system associated with 2 viewpoints,
(top view).

Translation

Let 0l ang 0 the origins of if1 and if2 i.e. 0l and 02 are the optic
centre of the fisrt and second camera. The origin 0 of the second
viewpoint coordinate system with respect to the coordinate system if

must be determined. The coordinates of 02 are determined by matching two
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pairs of connected points or two rectangles extracted from each view,
Two pairs of connected points (typically two rectangular corners
connected by a linear structure) or two rectangles may be matched if
they have same directions and relative sizes and locations consistent
with the set of possible displacements (the displacement is limited as
both views must be comparable). As the scale cannot be known without
additional information on the displacement, let the depth of this
structure be fixed for the principal viewpoint. From the equality of the
lengths iIn the previous matching, the scale and therefore the depth of
this structure with respect to the second viewpoint is known. Its
representation in if is then updated. Let (respectively G2) be the
centroid of the structure with respect to if (respectively i1 f, the

origin O™ is given by
(Ox — ~*
0102 = GCla2 7. 2.1

For example, the rectangle 9 , extracted fromthe Tfirst view, Iis
matched with the rectangle extracted from the second view. This
means that their orientations must be identical, with the same ratio A
of the edge lengths (i.e. parameter L~/L™) ; moreover the sizes and
locations must be consistent (same magnitude). The depth of R is fixed
to dil=d- From the parameter a = area/depthz, the relative scale of 3 is

found and therefore the depth of R

The centroid G , for 1=l and 2, is updated

G —»G ;ot” =d_ 01l (7.2.2)

i i i 1 1
Since by hypothesis G" = G, the origin 02 is given by
* — _ *
705 = O - ol (7-2.3)

Thus, the location of the second viewpoint is known with respect to the
first one (the previous example shows how simple this determination Iis

when using a 3D representation of the structure). All the structures
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extracted from the second viewpoint are now represented in the scene

coordinate system if centred at O .
Map construction

The structures of both views are represented with respect to a unique
coordinate system, the scene coordinate  system. Al types of
structures are considered. The 3D structures of the principal view have
one degree of freedom, 1i.e. the depth from 0 , which is eliminated by
matching with the corresponding structure extracted from the second
view. This matching is highly constrained ; indeed,the structures should
still have the same directions, consistent parameters and locations.
Moreover 0 G>, OG> and O O> should be coplanar, that is to say the
associated determinant should be =zero (this 1is the epipolarity
constraint). The intersection point of the Iines(01,9 55)) and (O2 9 §>)

is the centroid of the structure.
d CIcr* - d CTe™ = UU=* (7.2. 9
2 2 2 111 12

The system 1is overdetermined (two unknown variables, dI and d2, and
three equations), which is dealt with by using a LMS method, which also

allows the uncertainty of the input data to be taken into account.
Propagation

The locations of the matched structures with respect to the scene
coordinate system are known. The depths of the located structures are
now propagated tothe 3D configuration to which thestructure belongs.
This process 1is only applied to the structures corresponding to the
principal view inorder to avoid the propagation of errors, as it has
been seen that 3D connectivity from a single view isunreliable. At the
moment, there is no process Tfor contradiction, but it may be noticed
that this process 1is very important for determining the reliability of
the constructed map. Indeed, if the location of a structure is confirmed

in the process of several views, its reliability rapidly increases.

- page 212 -



Chapter 7

Conclusion

An unsealed 3D map of the scene has been built, using a number of
views without reference to the relative positions of the viewpoints.
Typically, the acquisition of such a sequence 1is done by a camera Iin
motion and may be recorded on a video tape for off line processing. It
has been seen how elementary the problem becomes when using the 3D
representation described in chapter 6. Furthermore, the map constructed
is of a high level, since it is iIn terms of sets of 2D or 3D geometrical
forms, hierarchically organized and using a symbolic representation.
During the construction of the 3D representation, the forms extracted
have been rectified iIn order to correspond to an ideal world, such as
represented in a CAD database, where the geometrical relationships, e.g.
perpendicularity or parallelism, are supposed to be perfect. As a
consequence, the map 1is not accurate, but is meant to describe the

general organisation of the space iIn a qualitative way.

7.3 Towards a CAD database

The processing for extracting the 3D maps described in the previous
sections 1is referred as TIMI (Three-dimensional Interpretation of
Monocular Images). The representation of the scene extracted by TIMI is
compared with the representation used by two CAD software packages,
ROBCAD (Technomatics) (the CAD software used by EDF for robotic
simulation) and PDMS (CAD Centre) (the CAD software used by EDF for

storing a representation of the nuclear plants).

The representation extracted by TIMI 1is surfacic, each facet being
described in a symbolic way. The database of ROBCAD allows the
representation of surfaces, described in a symbolic way, and the
representation of volumes in terms of polyhedrons, the facets of which
are represented by their corners. PDMS describes only volumetric
elements, by using a symbolic representation.

The level of the representation extracted by TIMI is "intermediate"

between the levels of ROBCAD’s representation and PDMS’s representation.
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Therefore, at this stage of TIMI’s development, it is possible to
convert the maps extracted by TIMI into ROBCAD objects, and it Iis
possible to extract a TIMI representation from a PDMS database . The
conversion TIMI->ROBCAD is trivial. The conversion PDMS—>TIMI requires
the extraction of the plane faces from the volumetric primitives. There
are eleven primitives, symbolically represented, so that this extraction
is quite simple. Matching between similar primitives (i.e. rectangles,
edges, vertices, circular arcs) 1is now possible (figure 7.3.1). If model
primitives remain unmatched, then they may be matched directly with comb

structures, by using the relation "is a part of' (e.g- "may an extracted
comb structure be a part of a model rectangle?"). The conversion of a
PDMS model to a TIMI model should be limited to the "extractable™
primitives, e.g. primitives parallel to the three principal directions
of the room, if known. As in section 7.2, matching a pair of points or a
rectangle enables the determination of the transformation between the
model coordinate system and the TIMI map coordinate system. The depth
computed by the process described iIn section 7.2 is used for matching
purposes, but is updated by the model in case of success. If one image

is used, matching can still be done in the same way as in section 7.2.

Parallelepiped Cylinder Cones
Madel
1 |
Recta/r\llgles Edges Vertices Circular Arcs
52 K
> . "N
Rectaltgles Ed es Ver ti Circular Arcs
— 1 1 &X tnactexL
map

—_> Comb s .radure

Linear structures

3-mage|(x)

Figure 7.3. 1 : PDMS/TIMI matching process
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The map constructed Is very incomplete. However, this is not a
drawback when matching with a CAD database, as it reduces the
combinatorix. Actually, the 1ideal case 1is to have a particular
configuration of a minimum number of primitives, and iIn that respect

circular arcs may be very good cues.

It has been seen that the map constructed may be interfaced with the
CAD databases used by ROBCAD and PDMS. The feasibility of a matching

process with PDMS~” database has been discussed.

7.4 Results

Three views of the same scene have been acquired using a camera in
motion and have been recorded on a video tape. The processing of these
views have been studied in chapter 6 (figures 6.4.1, 6.4.9 and 6.4.10)
and the results have been displayed in figures 6.4.8 to 6.4.10. The 3D
map extracted 1is displayed in figure 7.4.1. The matchings of the
rectangles corresponding to the cupboard and the pair of points
corresponding to the left edge of the door have been performed as
follows. The rectangle and the pair of points have been chosen by hand
on the first view and possible candidates on the other views have been
searched for by filtering on the parameters. For each structure, only
one candidate (or no candidate) has been found 1in the other views. The
image at the bottom right represents the perspective projection of the
constructed map from a viewpoint parallel to the scene coordinate
system. The viewpoints are displayed as the projection of a 3D rectangle
centred at the optic centre. The scene 1is correctly represented : a
cupboard on the left wall 1lying at some distance from the front wall,
the door and the begining of the corridor on this wall. Details have not
been properly interpreted, such as the meter lying on the front wall
nearby the door. The end of the face wall 1is aligned with the wall
behind the cupboard and the base line of the wall lies In the same plane
of the base line of the cupboard, although they belong to unconnected
configurations in all views. This demonstrates the fairly good quality

of the reconstruction.
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The ROBCAD version of the extracted map is displayed in figure 7.4.2.

Figure 7.4.1 : 3D map of the scene (a camera is represented in the
3D space by a small square parallel to the image plane
with the centre located at the optic centre)
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Figure 7.4.2 : same map in ROBCAD
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7.5 Discussion and conclusion

It has been seen how to use the 3D configurations described in
chapter 6 for the construction of a 3D map. The process appears to be
extremely simple, once matching of 3D structures from the various views
has been performed. The matching process has not been fully implemented,
but it has been seen that it is highly constrained. This is due to the
high level of the interpretation of the scene for each view. As a

consequence, the combinatorix of the matching is very much simplified.

The epipolarity constraint is exploited by checking the value of a
determinant, the bi-ratio property is exploited by checking the equality
of the parameter L~/L , the consistency of the directions of the
structures matched is trivial to check, the consistency of locations and
sizes is checked by giving upper and lower bounds®™ on the relative
variations of the parameters centroid/depth and size/depth (deduced from
the admissible displacements of the camera between two views of the same
scene). The simplicity of these comparisons results from the fact that
the geometrical properties linked to the 3D consistency of the scene are
intrinsic to the representation used. Moreover, 3D representation eases
any geometric reasoning, such as merging similar structures, rotation,

translation or change of scale.

The construction does not vrequire the prior knowledge of the
viewpoint location. Therefore, the calibration process is limited to the
acquisition of the intrinsic parameters of the camera, which may be done
once only (sometimes they are given by the constructor). However, the
scale of the representation cannot be known. This does not seem a
serious drawback as the knowledge of the size of one structure allows

its determination.

The representation described 1is intermediate between ROBCAD’s
representation and PDMS” representation. Therefore, it has been possible
to interface it with ROBCAD, and it has been seen how PDMS database

could be used for matching.
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The accuracy and the degree of detail are clearly limited by the type
of features extracted (only in three perpendicular directions and mostly
straight line features), by the performance of the matching process and
by the corrections made for ending up with an ideal schema of the scene.
However, it has been seen on an example that the quality of the
reconstruction is good when the cubic model is appropriate. Moreover
this ideal representation is an advantage when matching with a geometric
model, as it reduces the combinatorix and simplifies the calculations.
Thus, this chapter illustrates the possibilities of a high-level 3D
representation of structures from a single view but does not validate

an accurate system of 3D map construction.

The 3D interpretation of an 1indoor scene has been achieved Tfrom
monocular vision with unknown viewpoints, and 1its result is a CAD

database object.
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CHAPTER 8

DISCUSSION AND CONCLUSION

81 Summary o+ the method

A process for 3D interpretation of a scene from a single image has
been described. The interpretation has relied upon geometrical
properties of the scene, e.g.- parallelism and perpendicularity of
straight line borders, and the knowledge of the perspective

transformation.

The perspective is interpreted, first by searching for the vanishing
points, then by classifying the straight Jline segments and the
elliptical arcs extracted from the image with these vanishing points.
The straight lines of the scene have been assumed to be parallel to
three principal perpendicular directions. Pairs and triplets of
vanishing points corresponding to perpendicular directions have been
selected in order to reduce the number of false vanishing point
candidates. Thus, the 3D orientation of segments and circular arcs of

the scene has been determined.

From this stage, the Iinterpretation has been carried on in the 3D
space, with respect to the camera coordinate system ; the only reference
to the 1image has been Tfor testing the proximity of the segments.
Proximal straight line segments have been merged into a linear structure

proximal perpendicular linear structures have been grouped to form a
comb structure. The comb structures are the basis of the construction of
higher level structures, e.g. corners and vertices. It has been chosen
for restraining the process to a linear complexity. The result of the

interpretation is unsealed 3D local maps, called 3D configurations.

The utilisation of two or more images has allowed the relative
scales of these maps to be known, resulting in a consistently scaled 3D

map of the scene, which is of a CAD database type.
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8.2 Discussion

Extraction of the primitives from the image

First, the interpretation of the image is based on the primitive
"edge'. Three edge detectors have been compared with respect to the
uncertainty of the edge detected iIn various configurations. An improved
version (IEF) of the Shen detector (Shen, 1986) has been developed. The
edges have been approximated by straight Ulines and elliptical arcs,

which are the data of the interpretation process.

This stage is primordial to the quality of the further process. The
smaller the error of localisation, the more selective the various tests
involved in the process for selecting the features of interest. The
quality of the detection is also very important, as the process relies
on accumulation of evidence. The accuracy of the straight line segments
could easily be improved by using a LMS method, but the detection of
elliptical arcs has been proved more difficult and is the object of

further research.

Probabilistic approach

The reliability of the process has been adressed by using a
probabilistic approach. Two types of error in this process have been
defined : uncertainty of measurement (small errors), e.g. error of the
localisation of the edge, and errors of segmentation (gross errors),
e.g- choice of the wrong edge due to an accidental connectivity in the
image. In order to determine probabilistic laws corresponding to the
second type of error, a prior statistical model of the iImage data has
been defined. These models are the basis of the method described in the

previous chapters :

- A new accumulator space for the detection of vanishing points has
been defined by taking into account such models for ensuring a
constant reliability of the detection over the accumulator space.

- Segmentation 1is achieved through a likelihood ratio test based
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on these models, which therefore takes into account the two types
of errors mentioned. It is found to be -equivalent to an
adaptative MD test. This method has been wused whenever
segmentation has been involved in the process, i.e. for
classifying the straight line segments and the circular arcs with
the vanishing point candidates, for selecting vanishing points
corresponding to perpendicular directions and for testing the

conectivity of the straight line segments.

The probabilistic approach raises some difficulties. The choice of
appropriate decision variables 1is not trivial and at times the
associated probabilistic law is hard to justify other than by its
correct behaviour on the boundaries and by its nice mathematical
properties (e.g- choice of the exponential law for D1 in section 6.2.1).
If the measurement uncertainty is too high (& too high), the likelihood

tests have little significance and the interpretation process no value.

Detection of the vanishing points

The effort has been concentrated on the consistency of the
detection of the vanishing points, whatever their location on the image
plane. The method has been proved to be superior to other methods, such
as the accumulation of the projections of the lines onto the Gaussian
sphere or the accumulation of the intersection points. A Tfirst
accumlation stage of the lines according to their uncertainty allows the

complexity of the accumulation stage to be bounded.

In spite of these efforts to optimize the quality of the detection,
the lack of accuracy of the parallelism and the straight line segments
results iIn the presence of numerous false candidates when a good
sensitivity of the process 1is required. The perpendicularity test
provides a good filter for these false candidates, however this is not
really satisfactory as it restrains the field of application. We believe
that higher accuracy for straight [line segments is required, which
includes a high resolution 1image and the correction of the Ilens

distortions. Unfortunatly, this would result in a larger accumulator
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space.

The detection of the vanishing points allows the orientation of the
3D structures to be known. Thus, it appears from this study that
information about 3D orientation of the surface (from which the
orientation of any line lying on this surface may be deduced) is
essential to the interpretation of the image. Indeed, the knowledge of
the orientation of the structures enables their 3D representation, which
is the basis of this interpretation. The detection of the vanishing
points is reliable 1in a simpleenvironment, e.g. a corridor, but
no longer in a complex environment where the lines parallel to principal
directions are not in majority. In such environments, this stage could
be associated with or replaced by another type of system allowing the
determination of surface orientation (range finder), the remaining part

of the interpretation being unchanged.

3D representation

The 3D strutures constructed have been chosen to avoid combinatorial
complexity (comb structures), for completeness of the representation
(subjective linear structures) and Tfor their flexibility (@ comb
structure is part of a higher level structure). Since the construction
of high-level structures relies only on the comb structures, the
hierarchical structure is very simple. The depth, which remains unknown,

parameterises the 3D representation of the structures.

The appeal of this parameterised 3D representation of the structures
relies on the fact that the geometrical properties are implicit and
therefore are fully exploited by further processing. It has been seen
how simple any geometrical transformation 1is, and how constrained a

matching process becomes, when using such a representation.

3D map construction

A coarse but high level 3D map has been constructed from a sequence
of images. This map uses an ideal world type representation, which eases

matching or interfacing with a CAD database. As an example, the map
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has been converted into a ROBCAD object.

Relative depth of the structures is deduced from the interpretation
of a sequence of iImages. Depth may also be deduced from matching with a
CAD database. In contrast with orientation, depth has not appeared to be
a significant parameter for the interpretation, which has largely been
carried out without i1t. This is an interesting consideration, since it
is difficult to estimate depth with good accuracy (e.g- using active or

passive stereovision).

The fact that the 3D representation extracted 1is coarse, eases
matching with representations from different viewpoints or/and with a
CAD database. Once the matching is satisfactory, a top down process
should allow the representation to be completed. Thus, the approach
proposed for interpreting a scene from monocular vision consists of
identifying the principal elements of the scene, e.g.- the walls,
relative to which the other elements will be located. The feasibility of

the first stage has been demonstrated throughout this thesis.

Such a method for 3D interpretation does not require any extrinsic
calibration of the camera (e.g- relative to another camera) in contrast
with stereo-vision or active ranging, or a precise geometric model in
contrast with model driven strategy. It only uses general knowledgej
such as the occurence of geometrical relationships, e.g. parallelism. As
a result, both visible parts of the process, that is to say the input
and the output, are extremely convenient ; the former 1is a simple
sequence of iImages and the latter is a CAD type symbolic representation

of the scene.

Further improvment

The approach described seems very appealing, however further work is

needed to generalize it and to increase the quality of the results.

- The accuracy of the straight line segments and the detection of
elliptical arcs should be improved.

- Too many erroneous peaks are detected iIn the accumulator space.
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To reduce their number, the significance of the test should still
be increased.

- The likelihood ratio tests have been deduced by hand. They could
be generated by using mathematical tools.

- The interpretation should be extended to other type of primitives
(e.g- regions).

- Complete scoring of the 3D structures and development of a
matching strategy remains to be done.

- The interpretation could be completed by using a top down process

in a second stage.

8.3 From monocular vision to a CAD representation

A 3D representation of the scene has been extracted from monocular
image(s) with unknown viewpoints. It has been based on the detection of
the vanishing points. Then, connectivity in the image has enabled the
construction of 3D structures, such as rectangular structures or
vertices, the parameters of which are completely determined, except the
depth. It has been proved that this 3D representation of structures
extracted from the 1image 1is very powerful. This point has been
illustrated by the construction of a 3D map from a sequence of monocular
images with unknown viewpoints. Then, the map has been converted into an
object of a ROBCAD database and the feasibility of a matching process
with a PDMS database has been discussed. Therefore, from a (set of)
monocular image(s), a very convenient 3D representation of the scene has
been extracted. The explicit definitions of models for the measurement
error and the segmentation error have enabled an optimal and consistent
definition for the parameters involved in the process ; this results in

an adaptative method for a wide range of scenes.
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APPENDIX 1

Perspective transformation

Let (Co,X,Y,Z) be the world coordinates, where Cq 1is the optic
centre, CqgZ the optic axis and CgX, CqgY are parallel to the image axes
Ox and Oy. First, the projection C of Cq onto the 1image, 1i.e. the
principal point C, 1is chosen to be the origin 0. In the (Cq,X,Y,2)
coordinate system a straight line in the 3D world may be expressed in

the form

X = XO + p UX
= + Al T
(D) Y=Y, Uy (AL.D)

- +
z= = p UZ

where PO = (Xo,(\)( ,0) 1is the intersection between the optic plane and the
straight line () and U* is the unit vector of (L. p represents the
distance from the point P = (X,Y,Z) to the point Pq (see figure Al._I).

Image plane
k = 1/]cos(027,0D) 1

Figure Al_l1 : Perspective transformation

L is assumed not to be parallel to the image plane (@I™0). The
projection (D) of the line (L) onto the image is represented by
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= X 41 rf 0O
X T U 5 I TT- X, * T U
) 4 . with T>0 (A1.2)
_ ' 0
y = f §

yV + T uy

where f is the distance between the optic plane and the image plane. The
point V with the coordinates og,yv) is the vanishing point of the line
(®) and depends only on the direction of the line (). X represents the
distance from the point Q(X,y), 1image of P, to the vanishing point V.

Parallelism and perpendicularity

As the vanishing point of a 2D line only depends of the direction of
the corresponding 3D line, if two lines are parallel in the 3D world,
they have a common vanishing point iIn the image. The coordinates of the

vanishing point allows the common direction in the 3D world to be known.

Two lines (L) and (L”) are perpendicular in the 3D world if
Uu” +UIT +UU” =0. (A1.3)
X X YV z z

If Uz and U~ are different from 0, then the corresonding 2D lines (D)
and (D”) are related in the following way (from Al.2 and Al1.3)
XX?+yy?=0%$%.0%" = -f2. (A1.4)

vV Vv VoV

It UZ =0 then u*.0n” = 0, and if UZ=U£=O then u™.u”™ = 0.

Figure A1.2 : Triangle formed by the vanishing points associated with
three orthogonal directions in the scene.
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Calibration parameters

In order to relate the vanishing point coordinates with the 3D
direction of the line, the projection C of the optic centre (the origin
of the image so far) and the distance between the optic plane and the
image plane should be known. The origin of the image 1is now any

arbitrary point 0, and C is looked for.

Let T = (M™™ ,M ) be a triangle, and 2 its orthocentre (the heights
dropped from the vertices meet at the same point, called the orthocentre
of the triangle). ITf {&"} is the set of the feet of the heights of the

triangle, then :

12’\i.1iit‘J = constant K. (A1.5)

K<O means that the orthocentre is inside the triangle, while it Iis

outside if K<O.

If T is a triangle formed by three vanishing points corresponding to
perpendicular directions, then the orthocentre P of the triangle is

2
equal to C, and the constant K is equal to -f .

The coordinates of C are given by solving the following system

v vy, 0
(A1.6)

Cv_.V_ .V 0
2731

If the cartesian coordinates of Vi are (xi,yi), the cartesian

coordinates (x ,y ) of C are given by

¢ S Y (Xk_x)_er G-y )
Xe Z e xy
>*j ij
(A1.7)
fy. w ~]1 K-y
Ye Z e xy
i*] i
with h s i+l [mod 3] and k s 1+2 [mod 3]; e = 1 if @-i) = 1 [mod3]

1]
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and -1 otherwise . If one of the point is at infinity, then the system

is undetermined.

Then the value of f is deduced

f =v/V Xo)(Xc"™ V + (yr ycHyc" V (A1-8)

Let us remark that the vanishing point coordinates should Tfirst be
consistently scaled by dividing the ordinate in the image by p, where p

is the scale ratio y/x.

Filtering criterion

Let the straight line segment [a,b] be the projection of the straight
line segment [A,B] onto the image, then

a

(A1.9)
b

Let a be the further end point from the vanishing point. As the
focussing distance and the depth of field should be approximately

known, it is possible to bound the ratio Z /Zb and therefore t /tb
a a

1 (Al.10)

where k =72 J/Z >1
max mi

n

This constraint may be rewritten in the following form

A| > AF (Al.11)
where d 1is the distance from the centroid of [a,b] to the vanishing
point, i1 the length of [a,b], D the focussing distance and F the depth
of field.

A point V cannot be the vanishing point of the segment [a,b] iIf the
inequality AI_11 is not fulfilled. An important number of impossible

vanishing points are filtered in this way.
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Bi-ratio property

The bi-ratio (Pl’Pz’P3’P4) of four alined points 1is invariant by

perspective transformation (see eg- Al.l1 and A1.2). If (Px>P2>P3>P4) are

the projections of these points onto the image, then :

(Pl’Pz’Ps’P4) - :31:3 X 5254 13_11)( ;El_iZ Esjlx E~E
1*4 2'3 4 71 '3 72 4 1 3 2
P1P3 P2P4
PP, PP (Al-12)

This property may be used as a constraint in a matching process

(Quan, 1988).
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APPENDIX 2

The Kalman filter

Let a be a vector to optimize, and xX_the vector measured. In absence

of noise, the vectors a and a« are supposed related by the equation

tl(f ,a =0 ; £ie Rpi, X e le a el A2. 1

Because of noise the vector measured is in fact

where - 1is noise with zero mean and covariance matrix Ci. The vectors

<« are assumed independent.

It is not a linear relation of g and a, is linearized around

(cj, a ) by Taylor’s expansion

dL H,

@ .3 a £1(&, A )t B- %> o+ aa(a - ai—I ) *#2-2)

It is possible to rewrite the measure equation (A2.1), using (A2.2)

in the form of

a1=M|a+mi (A2.3)

where y.., . are vectors with p* lines and M. is a matrix ((™n), such

that :

V. =-VV«v Vd + mr V.

H = da /
B aL
" Tar (i
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The noise mi has zero mean and covariance Wi

The estimate ai of a after 1 iterations satisfies

a. —a + a.
1 1

where Ai is noise with zero mean and covariance Si-

The Kalman filter minimizes the following least square criterion

C=¢£ (ui—Mia Wfl(ui—Mia) + (ao—a)V(i)% -a)

The minimization of C has a solution

k k
- - Jok
AT G RV FOIGH P EEY Y ¢2.4)
The size of the matrix to invert is nxn. Moreover, incorporating one

extra measure requires the complete recomputation of a. The Kalman

filter provides a recursive solution to this problem of minimization.

The recursive equations of the Kalman filter gives the estimate of a

knowing the set of data

ag=a;y TKp Up-Ma, )
Ki=s., « Wrns ny 1 (A2.5)
s,= A -KM)ys.

K. is the Kalman gain. The matrix to invert is

now p.-xp. (typically p. is equal to 1 or 2).

If the noise vectors 4% and Ai are Gaussian, the estimate of a

provided by the Kalman filter is the expected value of a knowing the set
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of data .
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APPENDIX 3

Likelihood Ratio

A traditional approach in image processing when a decision has to be
taken concerning an event H is : is the observation V likely when the
event H occurs? For instance, the classical Mahalanobis distance test is
based on this approach. Often, such an approach does not take into
account all the information available on H, e.g. the prior probability

of H to occur.

The aim of the likelihood ratio test is to compare the probability of
two mutually exclusive events, called H and H. In other words, the
problem is changed to : according to the observation V, is the event H
more likely than the event H? In the work presented here, the hypothesis
H corresponds to a theoretical value VO of the observation V which
actually varies around Vq because of inaccuracy of measurement, whilst H
is assumed to represent the absolute desorder, 1i.e. the absence of such
a value. In terms of 1image, it means that the hypothesis that two
features are linked by a specific relationship R (due to related 3D
features) is opposed to the situation where these features are
completely independent (unrelated 3D features). The hypothesis H is
represented by a statistical model corresponding to a completely
unstructured image In, that is to say a set of straight line segments
randomly placed, with a random direction (see chapter 3). OF course it
is an extreme case and intermediate events between H and H are possible.
However, most often these intermediate events are not individually
observable and are considered events of H. For instance, in a room the
location of an edge of the window is related to the location of an edge
of the door, so should be their iImages ; iIn practice, the information
about the connection is extremely diffused in the picture and may be
ignored in a first place. This 1is nolonger true for two consecutive

edges of the door, as their images are always connected. Thus, the
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problem may be rewritten : is the observation in the image significant

of a well known 3D relationship or could it occur by chance?

Model of probability

Let V be the variable under observation and V its value. The hypothesis
H may be modelled by a Gaussian law with zero mean and covariance
matrix CV representing errors of measurement (if the mean 1is not zero
but Vm’ V—Vm is considered). The hypothesis H 1is modelled by the
distribution of V, corresponding to the unstructured image In. Using

the decomposition over the two exclusive events H and H

p(v=vV) = p=VIHp H) + p(V=V|H)p(H)
= p(H) PiQ) +p(H) p M (A3-1)
where
p V) = ——-——— expfF-J-vVV) (A3.2)
1 VZRdVdiFTV 2

where d is the dimension of V and p*iV) depends on V . Usually, P2Q)
is nearly constant around O, so that the density of probability of V

has a general form as displayed in figure A3. 1
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PQ)

Figure A3.1 : Model of probability for V for hypothesis H and
hypothesis H.

The determination of Py is a mere calculation of covariance matrix but
the determination of P, depends on V and In, and may be complex to

determine.

In order to estimate p(H) and p(H), the initial hypotheses should be
5

of the image, and V the decision variable. Let Q be the set of pairs of

completed. Let H be the relation studied between the features (Fi,F

features (F~F ), the set of pairs of features linked by the

relationship R, and the set of pairs of independent features. Then,

Cardin ) Cardin )

p(H) = Card(fi) and p(*  Card () (A3-3)

Definition of the LR test

The likelihood ratio test consists in determining whether a pair of
features 1is more likely to be element of £ or element of .

Therefore the likelihood ratio is defined as
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R = PHIV)
PC(HIV)

and the test (i.e. LR test) succeeds if R 1 1. Using Bayes’theorem, the

LR test may be rewritten

Pt p V) (A3.4)

Comparison of the LR test with the MD test and the neighbourhood test

In order to compare the Ilikelihood ratio test with the MD test
previously defined, the dimension of V 1is supposed to be 1 for
simplicity. Let o be the variance of V]H and o the expected value of
<r2 on The quantity pMiV) p(H)/p(H) is assumed to be approximately
equal to a constant pQ around zero, which is independent of o as p2
does not depend on error of measurement by hypothesis. Therefore, the LR

test eq. A3.4 may be rewritten

-, <V, - 2 LogeF = r(o—v) (A3.5)
o vO

with v0 = -2 Loge  2n o'vO pO)

This relation can be easily generalized to any dimension d of the

decision variable V

VtCVXV <V - 2 Loge det ® = V(CV) (A3.6)

vO

with Vg = - 2 Loge V2« d VdetCVO pO)

The threshold v(CV) on the Mahalanobis distance depends on the

covariance matrix of measurement Cv_

In order to compare the test with the neighbourhood test, the
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oL 2 _ 2
variations of 4; ncqb) are studied for d=l. The value of q; VH}V)

increases with a;, then reaches its maximum value for
ahzcg’exp((no—l)/Z),
and decreases to 0, reached for
a = Gbexp(nO/Z).

- _ 2 _ _
It a is higher than q@, the value of o, nxp;) is negative and the test
fails whatever the value of V. This is conforting as it means that the

uncertainty of V is so big that V has no significance at all.

When the uncertainty is small, the LR test is less constraining than the
MD test whatever the Fixed threshold. When the uncertainty 1iIs very
large, the LR test always failed. When the uncertainty 1is around its
expected value then the LR test is equivalent to a MD test with a
threshold equal to Vo- The behaviour of the LR test 1is therefore
intermediate between a neighbourhood test, 1i.e. V > M%ax, and the MD
test. It is more satisfactory than this Jlatter test because it
eliminates very uncertain, and thereby not significant features whereas
the risk to miss a very significant feature is smaller. The risk B of

selecting a feature by mistake, 1i.e. the type Il error, is bounded by

max

B =2p. a (A3.7)

max 2 m

where p™ = pQ p(H)/p(H).

Definition of p(xX), where x~p(H)

The prior probability p(H) has been found by comparing the value of
the peak P, to the expected value of this point when the lines are
supposed randomly crossing the vertical of the accumulator space passing

by P. Let Xq be p(H). It is possible to refine this value by taking into
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account not only the value of the peak P of the accumulator space, but
also the real distribution of the V corresponding to the directions
elements of this peak. If this distribution is the ideal representation
of the ideal case, it should be proportional to aeoq (V)+(I—aeo)p2(\/) (cf
eq- A3. 1). However, it may be better represented by x. p* (V) +A-&)p2(V),
& * xq. In order to find the best value of x, the set of all x 6 [0,1]
are considered, nn x being the expected number of directions meeting at
P "on purpose™, nn (1-8) being the expected lines passing near P by
chance (considered as noise). The probability of having such a number of
lines passing near P by chance determines the probability of the
hypothesis x. Using the model of the noise described iIn section 5.2.3,

it comes

n’-(1I-x)nn

n’ 1> i .
(1- x )nnlp( - (1—[))

p@) = p(nn2=(I-&)nn]nn) = n K -k (A3.8)
f = pC-py
k?nn

where p = ACrI;IyHTaX (see eg. (6.2.4.1)) and n” is the number of
directions associated to noise crossing the vertical x” ; using eq-

(5.2.4.2) and substituting f(®) by nn (I-®0), n” is equal to

nn (1-x )

n”> = ———- ST - A3.9

Using a Gaussian approximation of the binomial law, p(®) may be

rewritten
Ex—xo}znn2
exp(- o~ =*
p@) * (A3.10)
V2w v (0.5 + erf(aeonnNiF')
where = (1—a;o)(l—p)nn and (O-5+erf[xonn/v"T])) is a normalization

factor corresponding to the constraint xs\.
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APPENDIX 4

Statistics of the parameters of the segments

Using the statistical model described in the text, the segment (AB)
may be generated by any point G located on the string (S) of the image
disk, such that (AB) lies on (S) and has its centre is G. The string
(S 1is at the distance d from the centre of the image. G is assumed to
have a uniform density of probability on (S), therefore the density of
probability of d is proportional to the length of the string (5

f(d) =2 KR /1-d2/R2 .
The constant K is found by integration of f(d) over d (-Rsd™R)
K = 1/(uR2).

2
The expected value of d is equal to

E(d2) = (2/ GR)) d2 vl-d2/R2 5d = R2/4 A4.1)
J-R

Let b be the distance between the centre G of (AB) and the centre of
the string (S). The expected value of b , knowing d, is equal to

E(b2|d) = _—_ = = b2 ab = R -d - (AA__Z)
2 / R2-d2

Probabilistic model for the distribution of the directions relative to
d

It has been seen above that the density of probability of d,
distance from a straight line to the origin 0 is equal to
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f(d) = —wr- / 1-d7/R2. (A4.3)

The density of probability of d for a direction should be corrected by
the accumulation process which 1is performed over the |lines before
accumulation. The resolution in d and O of the accumulation process is
given by (see eq. A5. 15 and A5.4), using the assumption V(u)=<r for
clarity,

VE(3d2) = Vc-2a. d2/3 a, and /E(3d2) = /2a ay

Therefore the probability for a line to be accumulated in a cell

corresponding to the direction (d,0) is

2/2a a2 s B < ,
g(d) = ————- - / 1-d2/R2Vc-2a.d2/3 . ®4. 8)

The probability for the direction (d,0) to have been accumulated at
least once when n 1lines have been accumulated is 1 - (1-g(d))n,
therefore the expected number of directions with a distance from the

origin inferior to d is

= ——  a-a-g@nn . (A4.5)
-/2a0'0 di<d 1
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APPENDIX 5

Uncertainty parameters associated with a line (L) in the image

Let a be the polar angle of the line (), d its distance to the
origin, u-= its unit vector and w* the perpendicular unit vector. Let G
be the centroid of the segment AB, L its length, 0O’ the projection of
the origin 0 onto () and b the algebraic distance between 0> and G

(Figure 5.2.2.2).

The line (L) 1is known within the errors of measurement 3A and 3B of
the end points A and B. These errors result in errors on a, d, u® and
_ N
u-

3a = (at-u"i - aEt u*)/£ (A5.1)

And

3u = 3a - 3u’i\ = -3a u® (A5.2)

Now d = oX.u*. then 3d = at.u™ + oX. 3r* = sX. u™* - oX.u 3a
n 1 1 1
Substituting OA.u by (b-L/2) and 3a by (A5.1), it is found that

3d = (/£ + U2) dt.ur - /1 - 1/2) aituy (A5.3)

The variance of (<iX.u>i) andi(SIt.vX) is Vu*) (see eg. 4.4.1 and
fig. 4.4. 1.2 in the text), therefore the second moments of 3a and 3d

are

E(3a2) = 2 V(u'V i 2 (A5.4)
E(3d2) = @b2/:2 + 1/2) Viu®) (A5.5)
E(3a 3d) = -2b V(UN)/i2 (A5.6)

Let D be the distance from a fixed point P to the line (L), D is
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equal to

D = AP_uI (A5.7)
The derivation of (A5.7) provides SD
SD = -at.

Let Q be the projection of P onto (L), using (A5.2) and (A5.3) and
then substituing AN u™ by AQ and (AQ-L) by BQ, it is found that

SD = (BQ/E)at.u} - (AU/I) si-iT% (A5.8)

E(SD2) = (AQ2 + BQ2) V(u~*)/£2 (A5.9)
Let r” be the distance from 0~ to Q, (A5.9) may be rewritten

E(SD2) = @2 (r’+b)2/s? + 1/2) Viu®) (#5. 10)

0°Q” = v/rz—d2 and 0 Q = r’. The vector QQa depends only upon the error
on the end points, therefore the substitution of Q by Q” in (A5.8)
only adds terms of degree higher than 1 in 3. u® and Sit /\ Thus the

following approximation can be made

r = \/Iz—d’z-

Let o'2 be the expected value of SDZ, square of the distance from a
given line () and a fixed point P. The variations of SD are due to the

errors of measurement of the end points. Developing (A5.9) by

substituting r’ by v{:z-dz, it gives
02 = Q2r2/i2 + 4br(1-d2/r2)/£2+ 2b2/E£2 + 1/2 - 2d2/£2) V(u*)

2
IT d is fixed and a is averaged over all the segments AB producing the
line (), then by using (A4.2) and the fact that E(b) = 0 for symmetry

reasons, it iIs found that

E(c21d) - (2a r2 - 8a d2/3 + 2a RZ/3 + 1/2) V(u*)
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where a = E(I/£2) (for the 1independence between a and the other
parameters , see section 4.4.2). If the line (U passes through P then
|[d]*r. Therefore, to compute the expected value of <2 over the set of
lines (L) crossing at the point P, 2 cases should be considered whether
r is larger or smaller than R. If r is larger than R, E(d2) = R4 (see

(A4.1)) and using the asumption V(u®) = <42 for clarity, the relation
(A6.1) may be rewritten

E(cr2) = (2a r2 + 1/2) <r02 (A5.1D)
ITf r is smaller than R then (Integration by parts)
E(d2) = RZ4 (@ - 2r(1-r2/R2)3/72/(R Arcsin (r/R) + (R2-r2)1/2))
When r is small
E(d2) = r/3
and subtituting in (A5.11)
E(<r2) = (10a r2/9 + 2a R2/3 + 1/2) <r02 (5. 13)

It is more convenient to use an approximation valid for any r.
Besides the comparison with the Gaussian sphere method requires that

such an approximation can be made. Using (A5. 12) and (A5.13), E(r2) is
approximated for any r by

E(@2) = Car2+ c¢c) ao , 5. 149
where ¢ = 2a R2Z/3 + 1/2.
Determination of the resolution in d of the preaccumulation stage.

The set of lines at a distance d from O is considered. As b 1is

assumed independent of 1/;2 (see section 5.2), the expression (A5.5)
becomes

E(Sd2|d) = (RE(b2)E(I/£2) + 1/2) Viu*)
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and using eq. A4.2
E(Sd2]d) = (c - 2a d/3) V(u*) (A5.15)

with a = E(I/-£2) and ¢ = 2a RZ/3 + 1/2. This value fixes the resolution

of the preaccumulation stage for this d.
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APPENDIX 6

Uncertainty parameters in the Euclidean image plane

Calculation of the variance of the angle (OV ,0V).

The reasoning in chapter 6 is performed using a Euclidean system
with the origin at the principal point location, whilst the covariance
matrix associated with a vanishing point candidate V of the image Iis
expressed in the image coordinate system, which is not Euclidean. Let
(X,y) be the Cartesian coordinates of V in the Euclidean system and

(x”,y”) be the Cartesian coordinates of V in the image system, then

&, y) = Cx7+x™ . (Y'+y™N)/p)

The covariance matrix of V in the Euclidean system is

( 2 2
0" = 0 + O
X X0
2 , 2 2 2 2 .2
o =+ 0 )yp +y o ;p (A6.D
y y y'o p
o =0, /p
Xy Xy

The coordinates of the principal point are assumed uncorrelated (for
simplicity as there 1is no technical difficulty in taking their

correlation into account).

Let O be the polar angle of V iIn the Euclidean system, then

2 2 2
X di +y o% - 2 xy d;y

Now, let O be equal to O™~0, where O™ and 0" are the polar angles
of two vanishing point candidates V1 ang V , then 08 is deduced from
the previous equation applied to and
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o‘g = c%l + (16.2)

. 2 . . ,
Calculation of a , variance of V when the calibration parameters vary.

The decision variable associated with the perpendicularity test V is

equal to
=0 .0 +
V=0 1 0] 5 2

in the Euclidean coordinate system (0x,0y), where 0 1is equal to the
principal point, T the distance of the 1image plane from the optic

centre. In this system, the decision variable V associated with the

perpendicularity test of V and may be written
—_— VAN /\
V =0 1_0 5 + F 2 (A6.3)
Then
SV = 2fSf +x2 3x1+xl(B< +y2 dyl+1y 2Sy (A6.4)

And (A6.1) is used for computing o‘i E((SV) °) from

2
o +2xy O
X2 272 xlyl

+ X_ 0O + X

N

X

[~
N BN

+ y2 02 +y 02 +2Xxy O (A6.5)
2 vi i y2 'l x2y2

The distance f, the scale ratio p and the principal point coordinates

have been assumed uncorrelated.

Determination of 4h associated with a vanishing point corresponding to

a horizontal direction.

Let V” be the vanishing point corresponding to the horizontal
direction studied and V the vanishing point corresponding to the
perpendicular vertical direction. Then if 0~ is the projection of V’

onto the line OV, 0 being the principal point, then

00~ .0V = -T2
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Therefore, after differentiation it comes
var(0’) = @1 - 2 00°/r) var(0 ) + 4 var(F)/r2 + 0072 var(r)/r2
y y

where r = OV.

Only var(r) 1is not known. Let CV be the covariance matrix associated
with the vertical direction in the accumulator space (defined in

chapter 5).

Y, 0 a
vy’J

Now, using the sampling 5.2.2.15 from the 1image system to the

accumulator space and dr” = (Sr’/ax’)dx” where r” is the polar distance

in the image coordinate system,

4 dg r’2(2ar’2+c)

var(r’) G@x’

Since the camera 1is assumed to be approximatly vertical, r is very
large and r r’/p. Therefore, the variance of 0> along the vertical is
equal to
8f'0” a p2
var(O;) n var(Oy)+ —- ° -— 02 (A6.6)

22 .2 VX~
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APPENDIX 7

Zero-crossing problem

Application to edge detection

AND TO THE NUMBER OF FALSE ALARMS IN THE ACCUMULATOR SPACE

Zero-crossing problem

To extract meaningful information from a noisy signal, e.g. the image
or the accumulator space, it is iImportant to know the significance of
the value of the signal at a particular point, that is to say the
probability of this value to happen by chance or for a particular
reason. The problem of determining the statistical properties of the
crossings of the signal by a level a is known as the a-crossing problem,
which 1is in fact a generalisation of the well known ™zero-crossing

problem™.

Details about the zero-crossing problem are given in (Rice, 1944,45)
and (Papoulis, 1965). A short presentation of this problem is given in
the first part of this appendix. The demonstrations are not complete for
the sake of shortness, but the main hints are given. The results are
then used to describe the response of an edge detector to a noisy step.
The Gaussian Ffilter is used as an example, but the approach is similar
for any other Ffilter. Then, they are applied to a very different

problem, the expected number of false alarms iIn the accumulator space.

Let s(xX) be a stationary normal process with zero mean and an

autocorrelation function R(£) defined by

R(E) = E(s(X+E£)s(X)).

If s(Xx+£)s(x)<0, then the number of zero-crossings between x and
x+£is odd. Let p(£) the probability of having an odd number of

zero-crossings between x and x+£.
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Let y be the random variable s(X) and z the random variable s(x+£),
then the random variable u = y/z has a Cauchy density, the distribution

function of which is (Papoulis, 1965)

F(u) = > T arctan
/77
where r = R(£)/R(0). As p(£) is equal to F(0), then
4 Arccos r

p(£) '% -, arctan n (A7.D

IT £ is small, then p(£) is also small and the equation (A7.1) may be

developed to the first order

2 2,..,
r - 1 n 2 @
and p(£) is deduced

and using the development of R(£) at the first order, it comes that

1 2R* (0

p(£) - n_ R(O) (A7-3a)
if the derivative of R is discontinuous at the origin and
R" @
P - | 20 (A7 .3b)

otherwise.

Let u be s(xX), and v be s(x+£), it is possible to show that if

R(E)MR(0) (i.e. £J0 and R smooth enough around zero),
2
p((u-a)>0 && (v-a)<0) « p(u>0 && v<0) exp(- 2~(Q™) (A7.4)

Natea :
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1) Joint density function of u=s(x) and v=s(X+£)

_____ 1 exp (- —-———— (U2+Vv2-2ruv)).
%n d'z\;l-r2 2 (2(-r2)

2) A7.4 may be shown by integrating thisdensity function over
[a, t0] [0, a] with u’=u-a, v’=v-a, then by using the fact that
r~1.

The same relation as (A7.4) is true on the opposite quadrant so that

2
p( (u-a) (v-2)<0)  p(uv<0) exp(- =<"(aj) (A7-5)

If £ is small then R(£)~-R(0), i.e. I, and the probability of having an
odd number of zero-crossings or crossings by a level "a' is nearly equal
to the probability of having only one crossing by this level between x
and x+£. Let p™E) be the probability of having one crossing by the
level "a" between x and x+£, using A7.2 or A7.3 and A7.5, it may be
approximated by

ifR”@© )0 then p & = N 2RI;((()())+)£ exp(- 22%0))
(A7.6)
if R7(0)=0 then P.<5>" /-£%m °*P(-£US)) S

This represents the expected density of crossings by a level "a' at
any point. Now, the expected density of crossings may be different at
particular points, such as the crossing points. In the following the
density of zero-crossings (given by A7.7) around a zero-crossing Iis
studied in the regular case, i.e.R7(0) = 0. Let Pq(&) be the probablity
P(s” (X)s(x+£)<01s(x)=0). Using the joint density of s”(X) and s(x+£) and

the relation A7.2, it comes

P Val — R
/ -R"(0)(R(0)-R2(£)/R(0))
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is the correlation coefficient of the random variables
ST)Is(xX) and sCHE) Is(X)- Let PACM.d™M) the probability that there is

where r

an odd number of zero crossings between £ and ?+d”, knowing that s(0)=0,
when £ is small. It may be shown by using a Lagrange development around
(€,9) = (0,0) that

1 7 r"O RU O ~
Zn VR R" ()
Therefore the density of zero-crossings around a zero-crossing is equal
to

%

1 /R'@© RU) O
T on (A7.7)

R (0) R" (0

Application to edge detection

The Gaussian filter is used to illustrate the reasoning, but it could

have been any other Ffilter shape. The Gaussian Filter may be written

J=/ 6, > * 6 * 62,

where 1 1is the initial 1image,J the TFfiltered image, G and G are
Gaussian functions with zero mean and variance ai. Then™ a non-maxima

suppression algorithm is performed.

The edge detector 1is applied to a perfect step in the y direction on

which has been added white noise w with variance dﬁ

10y) = wix,y) it y<yQ
(A7.8)
1C,y) = Ag + w(X,y) it y>yQ
Let us consider Jy = I*GX*G;- The convolution of 1 by the Gaussian

filter may be divided into two parts, the convolution of the signal and

the convolution of the noise. The correlation functions along x and y
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corresponding to noise are

R (D = exp (-
X 8 7I:c4f 4-<rif)
2 , (A7.9)
R, = @A - -£)exp(--£— )
8 710'f 2)~f 4)~f

and A the magnitude of the edge found by the filter is

Once the edge detector isperformed, a non-maxima supression algorithm
is performed and the image output is thresholded at the value T. First
the effect of the thresholding is studied. It affects mainly the x
direction. If T=A, the density of endpoints should be equal to the
density of zero-crossings given by A7.6, where R(?) 1is equal to RXCa-
So

5, —1
\/2no'f

The density of crossings by a level "T' is

A -T"12

> R(O) (A7.10)

5 N exp (-

The average length of the segments when thresholding at A is equal
to the average length of the holes for reasons of symmetry, thereby it
may be defined as the limit of L/n when n tends towards infinity, where
L is the total length of the edge, and n the number of endpoints. As n/L
may be considered as the average value of the random variable r(x),
equal to 1 if x is an endpoint and O otherwise, Borel’s theorem may be

applied and n/L tends towards 6q with the probability 1. Therefore
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L= 4 (A7. 11)
o}

This means that if a threshold A is applied to a Gaussian edge image,

then the average length of the segments of an edge having a magnitude

equal to Aq is 1 (the boundary segments are not included). Consequently

a segment with a length smaller than 1 1is more likely to correspond to

an edge with a magnitude less than Aq than to an edge with a magnitude

more than AO

Using the above expression of A in the case of an edge of magnitude
Ag and thresholding at A, the density of endpoints around an endpoint is

equal to

A= —— . A7. 12)

Zner g
This means that knowing that the point P is an endpoint, the probability
of having another endpoint nearby is Ilower than the one for any
neighbourhood. This means that the endpoints are more equally
distributed along the edge than it would be for a random distribution

with the same density 5 , i.e. a Poisson process.

Now the effect of the non-maxima suppression algorithm is studied,
which affects almost only the y direction. The points J(X,y) such that
J”(X,y-dy)>0 && J’(X,y+dy)<O are selected, the other points are
suppressed. Canny’s uniqueness criterion only considers the maxima due
to noise ; thus applying A7.3b to W*GX*G; and the fact that only the
maxima are selected (and not the minima) it found that the density of

maxima due to noise at the point (X,y+yQ) Iis

1 7 r®0O
2¢ V.  R'Q

o 2 2

where R(E) =R ) = —— a - —— Dexp(~—---), is equal to
y Biﬁwf Zqi 4ﬁr2 g
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2ner

In fact the density of maxima is different at the edge location y=y
as it should take iInto account the variations of the signal. The number
of zero-crossings of s(£) = J)’/(yo+£) between -Y/2 and Y/2 is given by
(Blanc-Lapierre, 1963, pp34)

n(y) = Is” s(s(?n S?,

where S(s) is the dirac measure at s. At £ fTixed the expected value of

the integrant is

Eds”®)] S(®))) =3 is’]| p(s’,0) ds”’

where p(s”,s) is a Gaussian density centred at (E(s’(£)), E(s(£))) with

variances R<4)(0), R"(0) and a covariance equal to O. Let ™ be

c=s"OMP ©O

C is the signal to noise ratio of J')‘/(yo)- Then, if E(s(0)) = 0, the

density of zero-crossings of s at yQ is

ECIs”O®I 5(¢s@)) = - /- R Mz C erf( + exp(- )
R"(0)
If C is large, i.e. a small, E(|s”(O)IB(@)) = ~¥2n |<]- If G tends
towards infinity then the density tends towards infinity, i.e. towards
Is> (©)! S(s(0)), representing the fact that the signal surely crosses 0
at £-0. It is possible to show that {v2n IClI 1is the density
corresponding to the maxima looked for (the corresponding integral over
[-w,+co] is equal to 1), the density corresponding to other maxima, 1.e.

parasite maxima, 1S

i = B @2n (& (erf(0-0.5) + exp(--|-)).- (A7.13)
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(the division by 2 is due to the fact that only maxima are considered),
p is decreasing from pQ to O when |[£] 1is increasing from 0O to +m®. The
ratio r iIntroduced by Canny (1986) as a uniqueness response criterion,

verifies

C=r Jy(yo)A/R(oy

where J (v VRO is the signal to noise ratio of J at y . The largest
r, the smaller the risk of multiple response. However, it 1is not
understood why r should be as near as 1 as possible (Canny, 1986). In the
case of the Gaussian Tilter r = 2/VI51 In order to compare different
filters, the value of p seems a more appropriate unigqueness response
criterion than r, as it really gives the probability of multiple
response at the edge location (what Canny actually meant) by taking into

account not only r but also pQ.

Uncertainty associated with the zero-crossings of the edge detectors

Let Jg be the response of the filter to the step Aq, and J the response
of the filter to noise w. The maxima of J corresponds to the
zero-crossing of J” which occurs at y which may be different from yQ

because of the noise. Assuming that it is close enough to y* for using

the Taylor-Lagrange development of J7 around y , then (Canny, 1986)

As by definition J°(y,;) = 3¢, )+3’(¢,) = 0 and J’(y, ) = 0, then

Therefore, substituting Jg(yo) by AO f>(©), where f is the filter

considered, the uncertainty of the edge location is

(A7.14)
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It is not possible to use the Taylor-Lagrange development for the
Shen edge detector (1985), because of the discontinuity of the filter at
the origin. In the following only the ID case 1is considered for

simplicity. The zero-crossing equation is
AQ fiv + Jn’(yo+€) =0
The function A0 fE + Jn’ (yO+£) changes its sign at O if
A0 fFOD < Jn (yo) < A0 T (0+)

Because of the antisymmetry of f, f(0~) = -f(0+). The probability of

this event is

A F(0+)
P(y-=yj =2 erf(—"™~———- ) (A7.15)
V-R"™ (0)”
Application to the antisymmetric exponential filter

f(X) = £ c exp(-a|x])- The derivative Iis
>0 = -a c exp(-alx]) + 2c 5(0)

where 5 i1s the Dirac measure at zero.

A

p(yi=y0) = 2 erf(-"-)
2 0

n

which 1is different from 1. So the Ilocalisation is different from
unlike Shen’s claim. In the 2D case £O = AO/crn should be replaced by
2 EQ/Va. Unlike the Canny edge detector, the better the signal to noise

ratio (i.e. the smaller a), the better the localisation.

Application of the zero-crossing problem to the expected number of false

alarms in the accumulator space.

The notations are the same as the notations of chapter 5, subsection
5. 2. 4.

Using the model of the lines described in chapter 4, the noise of the
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accumulator space at the point P(x’,y’) may be described as a random
process w ,(y’), obtained as the number of lines crossing the vertical

y” of P within the neighbourhood [y’-or’,y’+ar’]
p p

W)= E n ¢-D
X 1o X
P

where w™((y”’) is the number of lines crossing the cell (x”,y”) of the
accumulator space, n ,(y’) is a random process, the covariance of which
is zero when and equal to ad when £=0, which is independent of y~.
x” being Tfixed,for simplicity let s(y’) be w ,(y’)-£(X*), £(x*) being
the expected value of w (y’) at P. The correlation function of s(y’) is

R(?) = E(s(y’)s(y’+£)) = a2 sup(2<r’-J£1,0) = -~sup(2~’-1]£],0)
° p 2n” p
p

The expected number of maxima of s(y’) with a value above k(x?) is
looked for. As R(£) 1is not derivable at O, it is not possible to apply
the equation A7.3 to s’ (y’). However, as k(x”) is assumed large enough,
it is possible to ignore the probability of having two local maxima for
s(y’) between two successive crossings of s by the Ilevel k(x7?).
Therefore it is possible to approximate the expected number of maxima
above k(x”) by half the number of expected crossings by the level k(x”).
The Tformulae A7.3a may be applied to s(y’)- Substituting R(0+) by
-R(0)/cr™), R(0) by ns(x’) and "a" by k(x’) - |(x*), the expected number

of local maxima above k(x”) is

) max k(x?)-£(x*))2
O 2 v(x”) @7- 16)
P
where e=l and «(x”) is given by eq. 5.2.4.3. Using the definition of r
given eg- 5.2.4.3, (k(X?)-E(X?))2//u(x’) may be replaced by
(erf-1(0. 5-x) )2.
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