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Abstract

Tjoa, E.K.L. : Fitting 3-D deformable models to image lines extracted from multi
ple images.

M.Sc. Thesis, Measurement and Control Group ER, Department of Electrical Engineer
ing, Eindhoven University of Technology, December 1993.

Extracting three-dimensional (3-D) data from two-dimensional (2-D) images is possible if
either multiple images (poly-vision) are used, or if a single image (mono-vision) is used
and additional 3-D information is known in advance. Our problem is to estimate the
position, rotation and dimensions of objects that belong to apriori known object types.
We use an approach which is known as model fitting. A model parameterizes the
unknown data of the object and is fitted onto the image data. The model is a 3-D wire
frame model which has to be projected to a 2-D space before it can be fitted onto the 2-D
image data. Due to the non-lineair character of the problem, analytical solutions are
complex. Therefore, we tackle this non-lineair problem using an iterative method.
Camera distortion and noise violate the 2-D data which makes it impossible to derive the
true 3-D data. An optimization criterion is needed to obtain maximum performance in
accuracy. The developed system described in this report can perform 3-D measurements
of objects in either a poly-vision or a mono-vision fashion.

Tjoa, E.K.L. : Passen van 3-D vervormbare modellen op lijn segmenten uit
meerdere beelden.

Afstudeervers1ag, Meet- en Regeltechniek, Faculteit Electrotechniek, Technische
Universiteit Eindhoven, december 1993.

De extractie van driedimensionale (3-D) gegevens uit tweedimensionale (2-D) beelden is
mogelijk als ofweI meerdere beelden (poly-vision) worden gebruikt, dan weI een beeld
(mono-vision) in combinatie met 3-D voorkennis. Ons probleem is het schatten van de
positie, rotatie en dimensies van objecten die behoren tot vooraf bekende objecttypes. We
gebruiken een aanpak die bekend staat onder de naam 'model fitting'. Een model
parameteriseert de onbekende data en wordt gepast op de beeldgegevens. Ret model is
een 3-D draadmodel dat naar een 2-D ruimte moet worden geprojecteerd alvorens
vergeleken te kunnen worden met de 2-D data. Ten gevolge van het niet-lineaire karakter
van het probleem zijn analytische oplossingen complex, daarom gebruiken we een
iteratieve methode. Doordat cameravervorming en ruis de 2-D gegevens verminken , is het
onmogelijk om de correcte 3-D gegevens af te leiden. Een optimalizatiecriterium is nodig
vor het verkrijgen van de maximale nauwkeurigheid. Ret in dit rapport beschreven
systeem kan zowel poly-vision als mono-vision metingen uitvoeren.
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Overview

This overview gives a short description of each chapter of the report. The report
describes the subsystem called Geometrical Matching, which is a part of a vision
project. If in this report the word system is used, we refer to the Geometrical Matching
system. To denote the vision project, we use the word project.

1 Purpose of the thesis

Estimate the geometrical dimensions, the position and the orientation of a physical object
that is contained in one or more camera images. The system uses a 3-D wire-frame model
and predefined relations between this model and image data. The image data are line
segments that describe intensity transitions in the camera images.

The physical object is referred to as the object, the 3-D model is the model, the 2-D
camera images are the images and the line segments extracted from camera images are
the image lines.

2 The physical object

The objects are built up of steel plates whose contours are shaped by straight lines. The
objects can vary in length from about 50 centimetres to 12 metres. An object has a
number of internal and external parameters. The internal parameters define the object's
shape by specifying its dimensions, whereas the external parameters represent the position
of the object relative to a World Coordinate System (WCS). Most objects have an
unknown position along the x and y-axis of the WCS, but have a fixed position along the
z-axe. The object's rotation around the z-axis of the WCS is usually unknown. The
number of internal parameters of the different object types that we use varies from one to
six and is on the average about three.

3 The 3-D model

The model is a 3-D description of a wire-frame representation which only incorporates
straight contours. This means that an object is modelled by a set of connected 3-D lines,
which we call 'model lines'. Scaling, rotation and translation of the model is possible in
any direction, although each model is restricted by its model type specific constraints.

The constraints can be categorized into intrinsic and extrinsic ones. Intrinsic constraints
define the ranges of variation of the models' internal parameters whereas the extrinsic
constraints effect the external parameters.

4 Object-model relations

An object that is recorded in one or more images, can be described by several sets of
image lines. Each set contains the image lines from one image corresponding to that
object. Hence, an object can be described by a number of sets equal to the number of
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images in which it appears. Important data is supplied by a system called 'Structural
Matching'. This process defines for each image line to what model line it corresponds.

5 Estimating the parameters

The parameters are estimated by measuring the difference between the model that
parameterizes unknown information of the object and the image data that give 2-D
information about that object. The model is modified using the iterative Newton-Raphson
method with the least squared error as criterion. Due to practical problems, a full
description of the object is not always available, meaning that the object is only partly
present in the image(s). This can limit the amount of parameters that can be estimated.
The set of parameters that can be estimated, must be determined automatically.

6 Evaluation

An evaluation study has been made using synthetical images. The accuracy of the
Geometrical Matching Procedure meets its specifications. Many parameters that influence
the quality of the result are not known, for this reason, an extensive evalution is
postponed till these parameters are known.

7 Conclusions

This chapter presents some conclusions about the Geometrical Matching Process and
contains some recommandations for future work.
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1 The Geometrical Matching Process and its function
in the Vision Survey System

Measuring three-dimensional (3-D) data is a classic and well-known problem to engineers
in various technical fields. Numerous methods have been developed and implemented to
deal with dedicated measuring problems, so that most measuring tasks can nowadays be
performed by off-the-shelf available devices. In most situations, the interpretation of the
data is performed by human experts, especially if the data is highly variable. Systems that
do not only measure data but also classify or interpret the measured data are often called
Expert Systems.

If we refer to systems that measure and classify data and restrict ourselves to systems that
use cameras as measuring devices, we enter the field of Machine Vision. Machine Vision
is an expression that is applicable to the project that this thesis takes part in. The purpose
of the project is to develop a system that can automatically measure and classify 3-D data.
The measuring devices are one or more cameras and the 3-D data concern the pose (this
expression is explained in the next alinea) and dimensions of objects that are positioned in
the viewing range of the cameras. A classification has to be given to the objects with
respect to the object type to which they belong (thus, all objects belong to apriori known
object types). In this stage of the project, four different object types are incorporated into
the system, so that each measured object has to be classified into one of these four types.
The system, in which this thesis takes part, that performs these tasks is called the Vision
Survey System. A simplified schematic overview of the Vision Survey System is given in
fig. 1.

The pose of an object is a set of parameters that completely describes the object's position
and orientation relative to a known coordinate system, which is called the World
Coordinate System (WCS). The 3-D data of an object (its pose and its dimensions) is
called the object's 3-D description, conform to the jargon used in other reports about the
Vision Survey System. The complete set of objects that is positioned under the cameras is

I Object 3
I Object 2

Object 1
-Type: .......
- Size: •......
-Pooe: ......•.

fig. 1. Schematic overview of the Vision Survey System
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referred to as the scene or as the workpiece.

This thesis describes the part of the project that is concerned with the process that
performs the actual 3-D measurement of objects that take part in the scene. This process
is called the Geometrical Matching Process (GMP). The GMP measures or, rather,
estimates 3-D data of one object at a time. Image data from multiple images, taken from
different viewpoints, are used to derive the 3-D description of the object. The whole
workpiece can be reconstructed by repetitively evaluating the GMP for each object and
thereby processing the objects one after the other.

The output of the GMP is not necessarily a complete 3-D description of an object but can
also be a partial 3-D description. This is caused by the fact that parts of the object can be
invisible to the cameras, either because the object is hidden behind other objects or
because of the lighting conditions. In these cases, not all 3-D data can be estimated.

To understand the function of the GMP in the whole system, it is necessary to know the
basic principles of the Vision Survey System. A short description follows in the next
paragraph. The specifications of the Vision Survey System can be found in table 1.

Input data - The pose of the cameras, relative to the World
Coordinate System.

- Camera images

Apriori scene knowledge Definition of object types concerning:
- shape,
- minimal and maximal dimensions
- variability in the pose
- dependencies between the objects

Output data - 3-D description of objects.
- Classification of the objects.

Table 1. Specifications of the Vision Survey System

1.1 The basics of the Vision Survey System

The Vision Survey System uses digital images taken from various camera angles to
extract 3-D data. Digitizing an image means describing an image by a 2-D matrix with a
unique mapping between the matrix elements and image segments. The value of each
matrix element represents the light intensity that was captured on the corresponding
segment of the original image. The 2-D matrix is called the digital or digitized image. We
call an element of this matrix a picture element or, in short, a pixel and the value of each
pixel is called the pixel's grey value. An example of the digitization of an image can be
seen in example 1.1.
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a)

original image

fig. 2. The digitization of the original image on the left is represented by
the two equivalent matrices on the right.

Example 1.1

fig. 2 shows the digitization of an image (shown on the left side of the picture).
The result of the digitization can be visualized in two ways. Figure x. shows 2
matrices (of [6 x 5]) that represent the result of digitizing the image. Matrix a is a
number representation and matrix b is a graphical representation. Because grey
values (shown in matrix a) are related to pixel intensities (shown in matrix b),
both matrices contain exactly the same information.

In the digitized images that are used in our project, we can detect groups of adjacent
pixels, where each pixel group has the following characteristics :

The differences of the grey values within a pixel group change gradually as a
function of the 2-D position in that part of the digitized image,
A string of pixels encloses the pixel group. The pixels in this pixel string have a
grey value that differ considerably from the grey values of the outermost pixels in
the pixel group.

A group of pixels with these characteristics usually correspond to a surface in the 3-D
scene, whereas the pixel string corresponds to the contours of that surface. Example 1.2
gives a visualization of the description above.

Example 1.2

Plane 1 and plane 2 in the image are groups of pixels that have a smooth transition
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in their grey value as a function of their position in the image. It is clear that there

z

x

1 2

fig. 3

will be a large grey value transition at the edge or boundary of each plane. A set
of pixels that causes a large grey value transition is called an edge. Plane I and
plane 2 each correspond to different surfaces of the pyramid that is present in the
3-D scene. The edges correspond to the contours of the pyramid.

So, example 1.2 shows that it is possible to use grey value transitions or edges in images
to locate the pixels that correspond to object contours in the 3-D scene. This fact is used
in the Vision Survey System :

1. Edges in images are used to detect the pixels that represent object contours,
2. 3-D data is estimated from the 2-D position of these pixels in the images.

In our project, all objects have contours that can be described by connected (straight) line
segments. This results in edges in the images that have the shape of straight lines. To
obtain a data reduction, an edge is represented by means of a begin and an end point,
rather than a set of pixels (that can be found on the same straight line). Thus, the goal of

/
------~----

fig. 4
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step 1 in the Vision Survey System is to transform each image into a set of line segments
that correspond to the contours of the objects in the 3-D scene. The set of all line
segments that are derived from one image are called a line image, accordingly the lines
within a line image are called image lines. The image lines of the digital image from
example 1.2 is visualized in fig. 4.

z

y

/
/

x

fig. 5. The wire-frame model of a pyramid consisting of 8 model lines.

The GMP estimates 3-D data of an object by fitting a 3-D model onto image lines. The
model is a 3-D description of all relevant 3-D data. Since we are interested in the position
of the contours of the object in the 3-D scene (from which we can derive the object's
pose and dimensions) we need a contour-oriented model. A model that efficiently
describes object contours is a wire frame model. A wire frame model is a set of 3-D
lines that describes the contours of an object. The 3-D lines that together make up the
whole model are called the model lines.

Fitting a 3-D model onto 2-D line images means comparing the model with the line
images and adapting the model if the differences between model and line images are too
big according to some criterion. Unknown information about the object's dimensions is
modeled by so-called internal parameters, unknown information about the object's pose
is modeled by so-called external parameters.

Explaining the process of fitting a model to image data from one line image can be
explained by an informal description.

If an object is contained in an image we can try to estimate its internal and external
parameters by the following steps :

1. Make a 'guess' about the value of each internal and external parameter (based on a
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calculation or on heuristics). The accuracy of this guess does not have to be very
high.

2. Shape a 3-D wire frame model according to the guessed values for the internal
parameters and assign it a position in the WCS according to the guessed values for
the external parameters.

3. Make a synthetical image of the parametrized model, or in other words, make a 2
D projection of the 3-D model. The projection should be made according to the
camera set-up that was used during the acquirement of the real image.

4. Compare the image data with the projections of the 3-D model.

5. Stop if the comparison of 4. is satisfying, else adapt the 3-D parameters to reduce
the difference calculated in 4. and proceed with step 2.

Step 4. in the process described above needs a more detailed explanation. Projecting a 3-

pp

3-D Model

fig. 6 Data flow in the Vision Survey System relative to the GMP. The part
between the dotted box represents the GMP.
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D model to a 2-D space means in our case projecting each individual model line to a 2-D
plane. Comparing the projections to the image data means that a 2-D distance function
has to be calculated from each projected model line to the corresponding image line. This
means that before this comparison can take place, a classification of image lines has to be
performed. Actually, two classifications take place:

1. Classify each image line as a contour line of a certain object type or classify the
image line as noise.

2. Each image line that is classified to an object type has to be classified within that
object type to what part of the object contour the image line corresponds.

This means that the image data have to be interpreted or classified. This task is performed
by the Structural Matching Process (SMP) which preceeds the GMP. In our pyramid
example the SMP has to deduct that the five image lines of fig. 4 describe a pyramid and
it has to decide for each image line what part of the pyramid contour it represents (i.e.
does it represent a part of the contour that is positioned on the ground, or is it a part that
stretches from the ground to the top of the pyramid) .

If images from different cameras are used simultaneously, different synthetical images or
2-D projections (conform to the corresponding cameras) of the same model have to be
made and these have to be compared to the related sets of image lines. The
transformation of camera images into line images and the performance of the SMP is the
preprocessing part relative to the GMP. This is abbreviated to PP in fig. 6., which gives
a schematic overview of the Vision Survey System with the GMP part in detail.

The GMP can estimate 3-D data by using multiple images of the same object taken from
different viewpoints. However, it can also perform its estimation using just one image. In
this case we need additional knowledge about the objects to compensate for the data loss
of transforming 3-D information into 2-D line images. For example, if the position of an
object is known in advance then the problem of calculating its dimension has a unique
solution, or the other way around, if the dimensions of an object are known in advance,
then the problem of reconstructing its position has a unique solution. Most objects
incorporated in our system have a fixed vertical translation relative to the WCS, which
gives enough information to reduce the problem to a calculation with a unique solution.
Table 2 contains the specifications of the GMP.
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Input data - The pose of the cameras, relative to the World

ICoordinate System.
- Mapping of a 3-D model to image data

A priori object knowledge Definition of the object type concerning:
- shape,
- minimal and maximal dimensions
- variability in the pose

Output data complete or partial 3-D description of the object

Table 2. Specifications of the Geometrical Matching Process

1.2 Summary and remarks chapter 1

The Vision Survey System measures and classifies 3-D objects using one or more
cameras. The 3-D data concern the pose and dimensions of the objects that belong to a
priori known object types. To reconstruct the scene, the next steps are performed :

1. Camera images are transformed into line images.
2. The line images are interpreted by the Structural Matching Process. The Structural

Matching Process produces sets of image lines and relates an object type to each
set. Each set contains image lines from one image and they are the 2-D projections
of the object contours from one object.

3. The Geometrical Matching Process estimates 3-D data by fitting the proper 3-D
model onto sets of image lines. If an object is contained in one image, then the
model is fitted onto one set of image lines. If the object is contained in more
images, then the model is fitted onto an equal number of sets of image lines.

4. The 3-D data of an object are described by the 3-D model, if this model has been
fitted onto the image lines.

Table 1 shows that knowledge about the dependencies between objects is known in
advance. Chapter 2 describes some of these dependencies. The Vision Survey System
doesn't use these dependencies up till now, but it is likely that the performance of the
system can be increased significantly if this knowledge is incorporated into the system.
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2 The physical object

The object types considered in the project can be divided into two categories, depending
on the shape of their contours. Object types with contours that can be described by sets of
connected straight lines can be found in the first category, object types whose contours
also contain curved segments can be found in the second category. In this stage of the
project, only object types of the first category are incorporated in the system and only
these object types are described in this chapter and the rest of the thesis.

All objects are constructions of one or more steel plates. Typical shapes for the steel
plates are rectangular or trapezium like forms, although more complex shapes can be
found as well. The angles between the plates within one object have a fixed value, but the
size of the plates is usually variable. Therefore, we define the object types depending on
the shape of the various plates within the object and the way the angles of the plates are
related to each other. The object's position relative to the World Coordinate System and
its function in the workpiece are also decisively. A clear distinction has to be made
between objects and object types. An object type covers all objects having certain
characteristics - like the mentioned angles between the parts that build up the objects -,
while an object represents a physical entity (that belongs to a certain object type). The
Vision Survey System has implemented four different object types at this moment, but a
scene can contain up to 15 objects.

The dimensions of each object can vary within a certain range. Each variable dimension
is specified by a minimum and a maximum value that depend on the object type. The
smallest object (a so-called strut) has dimensions of about 50 x 200 [mm] , the largest
object (plate-3) has maximal dimensions of 6000 x 12000 [mm]. In addition to object
type specific constraints, general constraints are defined that specify the relative positions
between objects.

A set of 4 different object types was used during the development of the system. An
additional non-existing object type was used for demonstration and accuracy measurement
purposes.

As is explained in chapter 1, the expression pose is used to denote the position and
orientation of an object. The relation between an object and its neighbouring objects on
the one hand and the relation between the object's pose and the WCS on the other, can be
clarified by the next example, where we look at an object of the type called 'plate-3'. An
object of this type is a rectangular steel plate that more or less carries the whole
workpiece and can therefore always be found flat on the surface of the ground, with all
other objects positioned on top of it.

The dimensions of the objects and the way they are assembled to form a workpiece makes
it impossible to use just one camera to recognize all objects and estimate their pose and
dimensions. The first reason is that the complexity of the workpiece makes it impossible
for all objects to be visible to one and the same camera. The second reason is that the
accuracy of the measurement decreases if the camera is set at a proper distance to capture
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the complete workpiece. For these reasons, multiple cameras are used that each record
partial information of large objects.

2.1 Remarks

All objects that can be encountered in a scene are described in reports about the Vision
Survey System. However, it is not known to what extent these descriptions match the real
objects. For example, the maximum length of a T-stiffener is defined by 6 metres. From
the descriptions in the reports it can also be deducted that its contours can be described by
straight lines. But, merely due to its size, the real T-stiffener will of course have some
differences in relation to a shape that can be described by these perfect straight lines. In
what way the shape of real objects can deviate from the descriptions is unknown. The
Geometrical Matching Process assumes that all physical objects perfectly match the
descriptions.
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3 The 3D Model

Every possible object type that can be encountered in a scene must be modeled. This
means that every object type must correspond to a model that parameterizes all its
unknown 3-D information (like its size) and defines all its relevant fixed 3-D information
(like a fixed angle between two parts of its contour).

A relatively simple situation occurs when all objects that belong to the same object type
have exactly the same size. These are the so-called rigid objects. In this case, an object
can simply be modeled by a set of 3-D vertices that are positioned in a Model Coordinate
System (MCS) and a way of defining which vertex pairs form the begin and end point of
a line segment in the contour of the object. For example, a rectangle can be defined by
placing 4 vertices in a Model Coordinate System and defining 4 vertex pairs that together
form the contour of the model.

Dealing with deformable models gives a slightly more complex situation, because the
vertices don't have a fixed position in the MCS, but their position is determined by the
size of the internal parameters that define the object's shape. Therefore, the model needs
the possibility of defining for all vertices a relation between their position and the internal
parameters.

The criteria used for the 3-D model description and implementation are stated as follows:

applicable for deformable object types,
easy implementation of new models,

and, to reduce the complexity in this stage of the vision project,

limited to objects with straight contour lines.

A lot of research has been done on modelling objects. Most modelling methods describe
rigid objects and can therefore not be applied to this system. Other methods include
curved objects (Lowe, 1991) which is an unnecessary dimension as can be concluded
from the last criterion stated above. Methods that can be applied use graph techniques,
but are for this reason suspected to be slow with respect to updating and extracting data
from it.

We have chosen to implement an own developed wire frame model representation, which
uses 3-D matrix multiplications. The model meets the criteria stated above and because of
the matrix multiplications, updating of model parameters only requires basic mathematical
operations.

3.1 The model description

Every object type in our system has straight contour lines and can thus be described by a
set of 3-D line segments, or in other words, a set of 3-D vertex pairs. Such a model is
called a wire-frame model. Because several line segments can have mutual begin or end
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points, it is more economically to describe the wire frame by a set of points (historically
referred to as the vertices) and defining which point-pairs form a part of the contour, i.e.
a 3-D line segment of the model. In the sequel a distinction is made between a 3-D line

fig. 7

segment of a model and a 2-D line segment in an image. For this reason we define the
expression model line (3-D) opposed to the former introduced expression image line (2
D).

According to the method explained above, a 2-D rectangle is defined by 4 vertices and 4
model lines and a complete 3-D cube is defined by 8 vertices and 12 model lines.

In a more formal language the description is as follows. A model M is defined by the
matrix notation VM = (ill il2 ... ilk)T and the set notation of its model lines AM (lines) =
{It, 12, ... II}' Each model line is defined by an infinite number of 3D points i.e. the set of
points that form the model line.The vertices can also be notated by the set {}M (vertices)
= {illo--ll2' ... ilk}' Choosing between the vector notation or the set notation depends on
the context.

If an object type has a variable size in a certain direction (for example its length), this
object type is said to have a degree of freedom (DOF) which is modeled by an internal
parameter. An object type can have various DOFs (and thus the corresponding model has
an equal number of internal parameters). The direction of each DOF is specified by a
vector Q,j, which is a unity vector.

The following examples visualize the use of vertices in combination with DOFs in a wire
frame model.

Example 3.1

In fig. 8, Q,l specifies that the line segment II can be translated along the y-axis.
The exact position of 11 along the y-axis is found by calculating Q,I * dl in which
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the latter is a scalar.

Example 3.1 shows that changing fh has effect on both D, and n2. If an object has several
DOFs, the position of the vertices can be defined by more than one DOF.

z

fig. 8

Example 3.2

The model in fig. 7 is variable in its length and its width, but its height is fixed to
h.

Its vertices are defined as follows :

n1 (0,0,0)
n2 d2f!2
n3 = d2f!2 +(O,O,h)
n4 = (O,O,h)
n5 = d(fh
n6 = d,g, +d2g2
n7 = d,g, +d2f!2 +(O,O,h)
n8 = d,gl +(O,O,h)

~J

nl

n2

fig. 9
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Example 3.3

In fig. 9, lh is positioned such that always a symmetrical triangle is formed.

n1 = (0,0,0)
n2 = dl~1

n3 = 0.5 * d&l +d2~2

"1ilI

This leads to a formal way of describing model M :

vM = W D A + C

vM [i x 3]
W [i x j]
D [j x j]
A [j x 3]
C [i x 3]

=
=
=
=
=

a matrix of vertices n
a matrix of weights w
a diagonal matrix of scale factors d
a matrix of containing unity vectors ~

a matrix of constant vertices c

i = number of vertices in model
j = number of DOF's in model

Mathematically we can combine D and A into a single vector, in practice it is easier to
separate them. In this way, the geometrical parameters are explicitly stored in matrix D.

To complete the model description, the function vm is introduced. This function defines
the relation between vertices and model lines.

P(AM
) is the power set of AM.

Recall that a line segment I is defined by an infinite set of 3-D vertices that together form
I.

3.2 The storage of a model description

Every model is stored in a separate ASCII-file. This simplifies the addition of new
models types : all what is needed is a text editor to define a new file. The file contains
the matrices defined above and the function vm between the vertices and the sets of
model lines. Furthermore, it contains the intrinsic constraints of the model. These con-
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straints specify the range in which the scale factors dj of the model can be varied. This is
done by defining for each dj its minimal and maximal value. These restrictions are used
for evaluating the result of the matching process as is explained in chapter 5.

Defining a new model for the system is mainly done by constructing a file with these
data.

A typical size of a model description files is about 200 bytes.
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4 Object-model relations

In chapter 1 is explained that 3-D information of an object is extracted from one or more
2-D images, using predefined relations between a group(s) of image lines and the cor
responding 3-D model. These relations are set up by the process called Structural
Matching. This process scans a line image for sets of lines, where all lines of one set
have certain characteristic interrelations, mainly concerning angles. If these interrelations
correspond to a certain object type and thus to a certain model type, every image line
from the set is assigned to a unique model line.

The assumption is made that the 2-D projection of the model with the correct values for
the 3-D parameters yields a set of image 2-D lines that fits onto the set of image lines
found by the Structural Matching Process.

Example 4.1

An image is acquired of a triangle and an L-shaped object. After the image lines
are detected, each is given a unique number. The Structural Matching process
searches for line structures of known object types and defines relations between
sets of image lines and models.

1,~ll
I 6 I

L-shape "",-_

'----p -1(1,6),(2,li
(3~),(4,4),

(~,3)'(6,2)1

~ I ~/

~-~P:«7.3).(8.1).(9,2)1

Triangl;:

fig. 10. An image processed by the
Structural Matching Process.

In fig. 10 we see that image lines are grouped together (shown by the dotted con
tours) and linked to a model type (shown by the arcs), which are in this case the
L-Shape and Triangle model type. The relation between the image lines and the
model lines is stated along the arcs from image to model. This relation is notated
by S, which is explained in the next paragraph.
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Symmetrical objects can have more than one relation between image lines and model
lines. If the four sides of a 2-D rectangle are visible in an image, four different relations
can be assumed between the image lines and the model, each differing multiples of 90
degrees to the others. It seems trivial to randomly pick one relation and continue the
Geometrical Matching process with it. However, the Structural Matching process, that
also inspects the results of the Geometrical Matching process, needs all possible combina
tions for reconstructing objects that are partly visible in several images.

The next chapters describe the use of the image-model relations explained in this chapter.
This is done with a more mathematical approach. For this reason, a few formal notations
will now be introduced concerning the image-model relations.

4.1 Fonnal definitions concerning image-model relations

A set of 2D image lines in image i that is related (by the Structural Matching process) to
an object 0 is denoted by AOi (lines). The object 0 is classified to belong to a certain
object type which has a corresponding model M.

We denote the 2-D projection of a 3-D entity 0 according to camera position i by
proj;(o). This 3-D entity can be a vertex, a line, an object etc.

The function that defines the correspondence between AOi and AM is notated by SOi (proje
ction of object 0 in image i defined by the Structural Matching Process) :

This means that the Structural Matching Process assigns one image line to one model
line. The assumption is made that in the ideal situation the next condition holds :

This condition will in practice never be true because of noise or the fact that objects can
extend outside the viewing area of a camera.

If multiple images are used to estimate the 3-D data of an object, the Structural Matching
Process has to define an SO between the model and each set of image lines that is extracted
from one image.

It should be noted that a set of image lines does not have to be assigned uniquely to one
object type. Several object types have similar contours, but differ in their dimensions. As
the Structural Matching process uses dimensions only in a very limited way, there is a
possibility that it cannot determine the correct object type because of this reason and
several object types are made candidate. An object type is made candidate in an image if
a set of image lines is found that meets its Structural Matching criteria.
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5 Estimating the parameters

When the relation between the 3-D model and the set(s) of image lines has been defined
by the Structural Matching process, the 3-D parameters can be estimated. Unfortunately,
due to several reasons it can occur that the object is not completely visible in the image. :

- an object can be positioned behind another object,
- noise effects can make parts of the contour invisible,
- lighting conditions are not optimal,
- an object can extend outside the viewing area of the camera.

This limits the number of parameters that can be estimated and the set of computable
parameters must be determined before continuing any other process. Once the set of
computable parameters has been determined, the parameter estimation can start.

The function that defines the relation between the projection of the model on the image
plane and the model's external parameters is very smooth. Similarly, the projection as a
function of the internal parameters is very smooth, because scaling the model corresponds
to translating a part of the model and keeping the other part of the model fixed on its
position. The rotation of the model has a cosine-like relation with the projection on the
image plane, while the relation in case of a translation is almost linear.The error functions
have a linear relation with the projection functions.

The iterative Newton-Raphson method is used to estimate the parameters. This is a very
attractive method to use, but requires some restrictions. The following arguments support
the choice for using the Newton-Raphson method.

The linearity of the error functions in the vicinity of the solution determines for a great
part the accuracy of the estimate. The translation and scaling of the model have a
behavior that approximates linearity and the cosine-like projections of the rotations have
local linearity. So, all error functions meet the criterion of local linearity.

The step size in each iteration of this method (i.e. the size of the parameter change in one
iteration) depends on the derivatives of error functions to the parameters: the smaller
these values, the greater the step size. As most derivatives are suspected to be small in
the general case, the Newton-Raphson method is likely to converge fast to a minimum.
The Newton-Raphson method has quadratic convergence if the error functions are
sufficiently smooth.

Furthermore, this method is model transparent. Adding a new object type to the system
generally means defining a new wire frame model, without supplying viewpoint depen
dent knowledge or other high-level knowledge that is often used in other kinds of
methods.

The complexity of implementing the method is relatively low, compared with other
known methods. The complexity of the algorithm (in units of time), however, is not so
cheap. We have given the time dimension a low priority, because the time consuming
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behavior of preceding processes were not known in advance, although before developing
the Geometrical Matching Process they were already suspected to be exhaustive (which
has now proven to be true).

Studies have shown that the Newton-Raphson method can succesfully be applied to the
types of objects in our project (Staal, 1993).

Experience in the project group with implementation of the Newton-Raphson method and
the arguments stated above, have convinced us of choosing this approach.

5.1 Computability of parameters

Studies have been made on the minimal information needed to come to a unique solution.
However, these studies are based on rigid objects which give a much more simple
situation. In our system, it is necessary to check which external and internal parameters
can be estimated with a unique solution.

We will denote the complete set of parameters of a model M by ~ (parameters) and the
set of computable parameters corresponding to object 0 by KO(computable). Later we will
also use the vector notation It when this is more appropriate.

The main idea of our implementation is that a parameter which cannot be estimated has
no influence on the 2-D errors if all other parameters are set to their correct value. This
has been visualized by fig. 11, in which the projected model is represented by the

fig. 11

unbroken lines and each images line is represented by a broken line that extends at both
ends into infinity. The 3-D model is a (partial) T-stiffener. The projected model lines fit
perfectly on the corresponding extended image lines and the value of the parameter that
defines the length of the (incomplete) T-stiffener does not influence the measured errors
between the projected model and the image lines (the error function will be described in
paragraph 5.2.1).
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To deduce the set of computable parameters, a synthetical image is made of a 3-D
(partial) model that only contains those model lines that correspond to image lines that are
contained in the line images, as is defined by the Structural Matching Process. Then, one
parameter value of the same model is changed and again, a synthetical image is made of
the (changed) model. Now, it is checked if this results in an error between the two
synthetical images according to the error function as will be described in paragraph 5.2.I.
This process is repeated for every parameter.

A drawback of this strategy is that, at this moment, it is not known if this algorithm
functions correctly if more complex models are incorporated into the system.

5.2 The Newton-Raphson process

The Newton-Raphson process is an iterative method which estimates an error reduction
based on the current state of the process. The n-th state So of the process can be defined
by the current parameter values It and the measured errors ~o :

The basic idea is that the first estimate yO triggers a repetitive process of error measure
ment and parameter updating until q(~O) has a satisfying value. q~O) is the function that
evaluates the quality of the estimate.

Making an estimate means computing yO to reduce the difference between the model and
the physical object. This results in a partially or completely defined model (depending on
,,0 !; ;rM resp. ,,0 = ;rM ) which is positioned in the WCS.

We can make a 2-D projection of the estimated model according to the camera configura
tion that was used during the acquirement of the real image. We calculate ~o by measur
ing 2-D distances between the 2-D projection of the model and the real image data. A
perfect parameter estimation should result in a perfect fitting.

5.2.1 Error measurement

This is extensively described by (Lowe, 1989), (Staal, 1993). We give a short summary
in this paragraph and for details we refer to this literature.

For all vertices of the model that correspond to a begin or end point of a visible image
line, a 2-D projection is made and the distance to the corresponding image line(s) is
measured. The distance function between a 2-D vertex n and an image line I is notated by
d(n, I). To measure this distance, the image line 1 is extended at both ends into infinity.
Then, the shortest distance of the vertex n to a point on this extended line is taken as the
distance between the vertice n and the line l. A polarity is assigned to the distances to
express at which side of the image line the projected vertex can be found.

The set of errors of an object 0 in an image i that is linked to a model M (and thus
defines the 2-D distance between the projected model and the corresponding image lines)
is now defined by OJ (distance) :
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Recall that I defines the number of camera images.

And, accordingly, the combined set of errors from all images:

(5)

If OJ is written in a vector notation, it is notated by ~ (as it is used in paragraph 5.2)

5.2.2 Updating the parameters

We want to fit the projected model onto the image lines, but due to imperfections in
either the model or the image lines, a perfect fit will in practice never be achieved.
Therefore, we are not looking for an estimate that results in a zero difference between
projected model and image lines, but we are looking for an estimate that results in the
minimal possible difference between the two. According to (Low; 1985) a good choice is
to take a squared error function to express the difference between the projected model and
the corresponding image lines and, hence, use this difference as the function to be
minimized. We notate the squared error by q(~) (see (6», with ~ according to paragraph
5.2 .

q{f) = gT. g

The errors are non-linear functions of the parameters, which increases the difficulty in
analytically deriving the set of parameters that yields the minimal q(~). If the error
functions were lineair, then the correct set of parameters would be much easier to
calculate. This fact is used for finding the minimal q(~) using the Newton-Raphson
method:

(6)

The set of non-lineair equations is approximated by a set of lineair equations, using a first
order Taylor approximation. Then, a set of parameters is derived that results in a minimal
squared error according to the new set of lineair equations, instead of the original set of
non-lineair equations. This set of parameters results in a set of errors when their values
are substituted in the original set of equations (which are, of course, the errors we are
really interested in). If these errors don't result in a miminal q~), a better estimate can
be made by repeating the process as is described in this alinea.

In practice, we do not necessarily want the minimal q(~), but we are satisfied if q(~) is
smaller than t q , which is a threshold that has an empirically defined value.

Lineairizing the error functions around po is done according to (7).

It is common to denote the matrix in (7) by J (the Jacobian).
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(7)

ae",
ap

n Jl=Jlft

If there are several vectors that result in the minimal squared error according to the set of
equations of (7), we choose .112 to be the smallest vector among them.

After a few iterations the error vector should converge to the vector that results in the
minimal q(g).

Like all iterative methods, the initial estimate (i.e. the parameter values before starting
the interation process) determines the number of iterations that will take place and in this
case, also whether the method converges or not. Furthermore, the system can converge to
a mathematical solution that, however, does not match the intrinsic constraints on the
model. Solutions to both problems have been implemented successfully.

5.2.3 The initial estimate

The initial estimate, or the initial values of the parameters, determines the model's
translation in the WCS, the rotation about its axes and the dimensions of the internal
parameters.

We now discuss the constraints for convergence. Our studies have shown that the choice
of the initial translation has almost no influence on whether the system does converge or
it doesn't converge, it only has influence on the number of iterations. It has empirically
been verified that the initial rotations should generally be within about 90 degrees of the
correct values. The dimensions of the internal parameters have no restrictions, except for
the fact that they should be smaller than or about the actual size of the object. However, a
model whose internal parameters have a considerable higher value than the actual size of
the object does not necessarily have to diverge from the correct solution.

We started by using the simplest possible solution to reduce the complexity of the system
at that moment: using a context independent semi-random initial estimate. The starting
position and rotations were fixed for each model type, although they were randomly
chosen. The internal parameters were set at their minimal value, which could be deduced
from the model's intrinsic constraints. Because this strategy didn't always lead to a
correct solution directly, at least one other attempt with a different initial estimate had to
be made if the end result was not satisfying. We used a maximum of three attempts, the
second and third initial estimate differing 1200 respectively 2400 in the rotation about the
z-axis from the first initial estimate. All other parameters were initially the same.

Although this strategy always lead to a satisfying result with respect to the values of the
estimated parameters, the time consuming behavior of this system could easily be
improved.
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The time inefficiency of the system is caused by two reasons :

1. Data supplied by the Structural Matching Process is not always correct. For
example, the wrong model type can be assigned to a set of image lines.

2. The possibility that an intial estimate will converge to the correct solution highly
depends on the inital rotation about the z-axis.

So, the speed of the system is improved if an intelligent first estimate can be made that
guarantees convergence. What remains, however, is the problem that the Structural
Matching Process can supply wrong data.

The current system derives an initial estimate based on the image data and the model that
is assigned to the image lines :

Rotation about the z-axis is derived from an image line that corresponds to a model line
that lies along the y-axis of its MCS. This image line is projected to the base plane (the
xy-plane with z=O) in the WCS. The angle that this projected line forms with the y-axis
of the WCS is used as the initial value for the model. Rotations about the model's x - or
y-axis are not applicable to the current set of models.

Two different ways are used to compute the initial translation, depending upon the
available image data and the model type. If the origin of the object is visible in the
image, an estimate of its exact position on the image plane is calculated and this is back
projected to the WCS. The backprojected point is used as the initial translation. If the
origin of the object is not visible, the average of all begin and end points of image lines
of the object is calculated and this average is, like in the former case, backprojected to
the base plane of the WCS and used as the initial translation. Although the latter
calculation usually does not reconstruct the actual position of the object's origin very
accurately, it results in an initial position that is close enough to generally shorten the
process by two iterations, relative to the situation in which a random initial position is
used.

Likewise, an estimate for the internal parameters can be calculated, depending on the
image data, but this has not been done for several reasons. Firstly, by using the method
written above to calculate a proper initial rotation and translation of the model, con
vergence of the system has been verified in all test images. This has reduced the

fig. 12
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computing time by an considerable amount and inefficiency is now merely caused by
matching with incorrect data of the Structural Matching Process. In other words, decreas
ing the number of iterations will now contribute only in a minor amount to the improve
ment of the whole system. Secondly, more intelligence makes the system more complex
and probably more dedicated to a certain set of model types, making the addition of new
models to the system more difficult.

Example 5.1

The origin of the partly visible T-stiffner in fig. 12 can be reconstructed by
calculating the intersection of the bottom horizontal line and the vertical line. The
cross represents this intersection. The intersection is backprojected to the base
plane of the WCS and forms the initial translation of the model.

The origin of the T-stiffner in fig. 13 cannot be reconstructed because of missing

fig. 13

image lines. The average (shown by the cross) of the begin and end points of all
image lines is calculated and its backprojection to the base plane of the WCS is the
initial translation. Although the cross does not correspond to the optimal position,
experience has learned us that it is close enough to make divergence very unlikely.

5.2.4 Evaluating the result of the iterations

The iterations are aborted in two cases. The first case is when the system exceeds the
maximal number of iterations, the second is when the error reduction q~D+l) _ q~D)
falls below a certain threshold. In the latter case, the assumption is made that more
iterations will not significantly improve the quality of the estimate.

Four possible situations can be distincted by inspecting the last iteration :
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1. q(~ has a satisfying value and the model is parameterized in agreement with the

v
" ,

fig. 14 The model is represented by dotted lines. The image lines are
represented by the unbroken lines.

intrinsic constraints.

2. q(eD
) has a satisfying value, but the internal parameters of the model violate the

intrinsic constraints.

3. q(eD
) exceeds its threshold.

4. As 1, except that the model's rotation about the z-axis has an error of 180
degrees.

In the first situation, it is very likely that a correct solution has been found. Hence, the
Geometrical Matching Process has finished the parameter estimation for this object. In the
other three situations, another attempt is made to find a correct solution, according to the
method written in the preceding paragraph.

Situation 4 may seem a bit strange: The system has an acceptable q(gD), although a large
error has been made in the rotation. Example 5.2 explains this situation.

When the system used a random initial rotation about its z-axis, the system often ended in
situation 4. After the implementation of the more intelligent first estimate, this situation
has never occured again, although it is not (yet) mathematically proven that it is now
impossible for the system to end in this situation.
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Example 5.2

If an object of the type that is described in example 3.1 is partly visible in an
image, the Geometrical Matching Process can act according to fig. 14, if the first
estimate has not been a proper choice.

If the result of the third iteration is examined, it can be seen that the malfunction
ing of the system is due to the method of matching model points to extended
image lines (see 5.2.1). The magnified part shows a projected vertice that has a
small distance d to the corresponding extended image line, whereas it doesn't
come close to the original image line. Hence, all measured errors are small,
although the estimate is clearly wrong.

5.2.5 Composing the Jacobian matrix

To use the Newton-Raphson method, the derivatives of the errors to all parameters in ,t1
have to be calculated to compose matrix J. The procedure has the following mathematical
derivation :

The standard formulae for projecting a 3-D vertex n in CCS-coordinates to the image

n= m
u=~f

z
(8)

v=!"f
z

plane are according to (8), with f the focus length of the lens and u and v the coordinates
on the image plane.

A definition is introduced by (9) with 2 E Rill.

We must calculate the derivative of both u and v to all elements of K"l.

The 2-D derivatives of vertex n, expressed in CCS coordinates, to a parameter p can be
written as in formulae (10). A vertex nm in MCS can be transformed to a point nt in CCS
using (11), where Hew and HW

M denote the transformation matrices of the WCS to the
CCS resp. the MCS to the WCS.
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(9)

(10)

(11)

The derivatives of nm can thus be calculated by using the transformation of (11) and then
substituting the result in formulae (10).

Example 5.3

Calculation of the derivatives for a point n (in MCS) to the rotation cl>y •
cl>y is the rotation of the model about its y-axis (see fig. 15).

x

z
wcs

y

x

fig. 15
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(12)

Because H w
t is a constant with respect to if>y (in fact to all parameters) we derive

formula (13) for the u-coordinate.

au(W C W T
-- =Vu(H •H • n\ •a4> W m !.!J

y (13)

To calculate the derivative of n, we express n as a function of if>y and r, where r
is the radius or distance of n to the y-axis :

[

r. COS4>y]
!l= Y

r' sin4>
y

(14)

Determining the derivatives and expressing them in coordinates of n gives a 3D
vector in MCS (formula (15».

an [ -r· Sin4>y] [-z]
- = 0 = 0

a4>y r. cos4>y x

Completing (13) is done by standard mathematical calculations that will not be
explained here.

(15)

A similar calculation can be made for the v-coordinate. The result of this process
are the derivatives of the u and v - coordinates. However, what is needed are not
these derivatives, but the 2D derivatives of the errors.
A final calculation has to be made to obtain g from W, where W is a variable
introduced for notational purpose (see formulae (15) and (16».

From figure fig. 16 it is clear that the error vector can be found by calculating the
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inner product of wand the normal vector fl, which is a unity vector.

fig. 16

~ " [:::- :::]
= C!1(·W·!!

So finally:

5.3 Remarks

Although Lowe's method, described in (Lowe, 1985) and also in later publications of the
same author, is adapted to our system, we use one important difference in our
implementation. Lowe argues that when the pose of an object relative to the WCS has to
be estimated, there is no difference between parameterizing the pose of the object relative
to the camera or parameterizing the pose of the camera relative to the model. He states
that choosing the latter option results in simpler error equations. We, however, argue that
choosing the first strategy (as is described in this chapter) results in a system that is closer
to our problem. Chapter 1 and 2 describe that there are object type specific constraints in
relation to the pose of the object. These can be incorporated into the system with more
elegancy if we parameterize the pose of the model. Furthermore, the approach is more
efficient if we use multiple cameras to estimate the 3-D data. If the 3-D data of an object
is measured by using multiple cameras, then parameterizing the pose of each individual
camera relative to the object requires much more work in parameter updating then in the

(16)
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case that the pose of the object is parameterized.

Lowe describes in (Lowe, 1991) that he uses the Tikhonov-Arsenin regularization to force
convergence. With our models and the effective first estimate that is calculated,
convergence is never a problem so there seems to be no reason to implement this
regularization. In the same article, Lowe describes the implementation of the Levenberg
Marquardt method, which is a combination of Cauchy's steepest descent method and the
Newton-Raphson iteration. Because I cannot find a good argument to implement this
method and Lowe himself only states that 'it is probably of practical value', this
expansion of the system is left out.
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6 Evaluation of the Geometrical Matching Process

One of the specifications of the Vision Survey System states that the contours of the
objects have to be estimated with an accuracy of 5 cm. We have performed an evaluation
study on the accuracy of the GMP to verify if this specification is met. Although an
evaluation study of a measuring system seams quite trivial, a few remarks have to be
made:

1. Preceeding processes of the GMP that measure the pose of the cameras relative to
the WCS are still in development. Accuracy studies of these processes have not
yet been carried out.

2. Measurements using real objects, deal with scaled models of the objects but don't
use a scaled version of a camera.

3. The exact positioning of the cameras relative to the objects is not defined,
although reasonable assumptions can be made.

The first two remarks have made us decide to evaluate the GMP with synthetical data,
i.e. contours that are extracted form synthetical images. The synthetical images were

600

fig. 17. The evaluation object. Its sizes are specified in millimetres.

made with a system (CAMSIM) that simulates the output of a digital camera.

The third remark forces an evaluation study that parameterizes the camera position.

We used a 3-D cube (see fig. 17) as evaluation object. The height and length of the cube
were set to about the size of a physical object that is used in our laboratory to perform
real measurements (a cube made of synthetical material). The width was arbitrarily set to
about the average of both dimensions.
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Measured data l. The position of each object vertex.
2. The rotation about the object's z-axis.
3. The object's heigth, length and width.

Type of measurements l. Measuring all object data by using one image.
2. Measuring all object data by using one or more

images each describing a part of the object.

Evaluation parameters l. Position of the cameras.
2. The combination of images that was used in

measurements of type 2.
3. The shape of the 3-D model when only partial

information was estimated.

Table 3. The evaluation study

Table 3 summarizes the evaluation study. Most specifications will be clear, but some of
them need further explanation.

The objects that are present in the scene can vary in size by a factor 10 or more. Two
different measuring scenarios can be implemented :

1. Try to measure everything by using one camera that records the complete scene,
2. Use different cameras that each measure different parts of the scene.

Solution 1 is the cheapest with respect to the necessary equipment, but the accuracy can
decrease for parts in the scene that have a relatively large distance to the camera. Solution
2 gives the opportunity to measure all data with equal accuracy, although reconstructing
the complete scene increases in complexity.

3
2

I{
4

fig. 18. The position of the 4 cameras relative to the evaluation object.
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In this study we only take the accuracy problem into account and, thus, not algorithm
complexities.

If only a part of the cube is contained in an image, we have to set some parameters to a
fixed value. This value influences the result of the measurement (see paragraph 6.1.2).

The measurements were made according to the lay-out in fig. 18.

6.1 The results

We can start by saying that the system meets the specifications of the Vision Survey
System, but this is only verified for synthetic images. An evaluation that uses real images
still has to be performed. The expectation is that this evaluation will result in a lower
performance of the system and that maybe not all specifications will be met. For this
reason, we present an evaluation study that parameterizes measurement conditions so that
an optimal measurement environment can be set up in case the system has to be put into
practice.

/dl

/

fig. 19. Error measuring with different fixed values for the length of the model.

The quality of the measurements can be divided into the categories: translation, rotation
and dimensions. The differences in quality as a function of the measuring method are
explained in the next paragraphs.

The results are displayed in table 4. An image that contains the complete object is notated
by the number of the camera that produced the image, plus the letter 'c'. If the image
describes only a part of the object then the camera number is followed by a 'p'. The
difference between these two types of images is the distance of the cube to the camera
that produced the image: the p-images were taken from a closer distance then the c
images. The postfix 'pe' is explained in paragraph 6.1.2.
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6.1.1 Reconstruction using single images versus multiple images

In this paragraph we compare the results of deriving a complete 3-D reconstruction using
a single image versus deriving a reconstruction using multiple images.

Extracting data from a single image (that contains enough information to reconstruct the
complete object) gives the worst results with respect to the dimensions and vertex
position, whereas the results are average with respect to the rotation. The low quality of
the results with respect to the dimensions and vertex position is due to the fact that each
pixel represents a large part in the 3-D scene, relative to the situation in which multiple
images are used (in which case a camera can 'zoom' into the part of interest in the
scene). In other words, the information that describes the 3-D scene becomes less when a
single image is used to reconstruct the 3-D data. The rotation about the z-axis if relatively
fair (when we take the negative aspects of the former analysis into account). This is
caused by the fact that an error in the rotation introduces more errors on the image plane
than the scaling of a cube in one direction.

6.1.2. Small dimensions versus large dimensions for parameters that cannot be
estimated

In fig. 19 we see the differences between the giving a high or a low value of a parameter
that cannot be estimated. The figure displays a partial projected 3-D cube and one image
line onto which it is fitted, the other image lines are not displayed. The distances d1 and
d2 represent the measured error when a low resp. high value is given to the parameter
that cannot be estimated. It is clear that, in this case, setting the non-computable
parameter to a high value gives a higher 'weight' to the horizontal lines. This results in a
better estimation for the rotation, but this has a negative effect on the accuracy of the
calculation of the dimensions. This effect is verified by the evaluation. The fitting of a 3
D model using a high value for the unknown parameter is notated by the postfix 'pe' in
table 4.

6.1.3. Reconstruction using two images versus three images

The dimensions are not estimated considerably better when three images are used instead
of two. This is probably caused by the fact that the quantization noise that is introduced
by digitizing the images limits further improvement. The rotations become more accurate,
probably because of the same reason that is given in paragraph 6.1.1 to explain the
difference between single image and multiple image reconstruction. An exact explanation
of this topic is not fully understood.
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Measuring Data Errors in : Max. Error in
scenario width heigth length error in rotation

[mm] position [deg]
[mm]

Complete 1c 14 3 lO 14.69 0.22
reconstruction 2c 5 1 14 19.30 0.22
using a single 3c 12 2 6 13.70 0.30
image 4c 18 4 17 19.29 0.31

Partial data from 1p 4 0 - 11.26 0.62
one image 3p 1 0 - 6.11 0.50

4p 0 0 - 5.50 0.54

1pe 6 0 - 7.41 0.014
3pe 8 1 - 5.72 0.04
4pe 12 2 - lO.60 0.1

Complete 1p & 3p 6 1 - 4.86 0.062
Reconstruction 3p & 4p 12 2 0 7.34 0.098
using partial data 1p & 4p 9 1 5 7.09 0.013
from multiple
images 1p & 2p & 4p 6 1 4 6.18 O.OlO

2p & 3p &4p 8 2 0 5.41 0.024
1p & 2p & 3p 9 2 2 6.30 0.029
&4p

Table 4. The results of the evaluation study

6.2 Conclusions

The set of images used in this evaluation is very limited, but it gives a starting point for
further analysis in case the complete system has to be optimized with respect to
measurement qualities.

A probably important implementation detail can be concluded from this evaluation :

The fixed values for parameters that cannot be estimated should be tuned to the measuring
purposes. If dimensions are measured, then the parameters that cannot be estimated must
be set to a value that gives the least 'weight' to interfering parameters. If dimensions have
to be measured according to fig. 19, then the rotation of the cube is an interfering
parameter. If, on the other hand, it is important to know the rotation of the object part 
which is important if several object parts have to be merged together to describe one and
the same object - the fixed value of the parameter should be set according to this purpose.

Another conclusion that can be made is that the camera model and the optimization
criterion (the least squared error) satisfies their purpose. The GMP measures accurate
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enough in all performed measurements (even in measurements using real data that are not
incorporated in this evaluation).
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7 Conclusions and recommendations
The evalution study of chapter 6 points out that the Geometrical Matching Process
performs well with respect to its accuracy. Its use as a verification tool, however, should
be done with caution. It is always possible that a match that has been found correct by the
Geometrical Matching Process which is in fact not correct. For example, a plate can be
matched on the image lines that originate from the top-plate of aT-stiffener. This is,
however, a problem that can never be solved by the Geometrical Matching Process, but
should be done on an intelligent level of the Vision Survey System.

The time that is used to measure 3-D data of one object is a small fraction of the time
that is used by the Low Level Vision (which is the part that transforms a digital image
into a line image). The number of iterations is decreased by the implementation of an
effective way to calculate the first estimate of unknown parameters.

New 3-D models can very easily be added to the system. The Geometrical Matching
Process has a minimal number of model specific algorithms. An exception is mentioned
below.

The most important drawbacks of the Geometrical Matching Process are :

1. The procedure that defines the set of computable parameters is an ad hoc
implementation and doesn't perform perfectly in all situations. A more general
strategy must be developed to facilitate the incorporation of more object types into
the system.

2. Objects containing curves cannot (yet) be measured by the Geometrical Matching
Process. The method can very well be applied to curved objects (see (Lowe,
1991».

Apart from these two observations, a few other remarks have to be made. The accuracy
of the system satisfies the specifications of the Vision Survey System. If, in the future,
matching on real images results in shortcomings of the system with respect to accuracy, it
might be benificial to consider the next comments :

The Geometrical Matching Process uses an error function that is equal in all
situations. If, however, a model is to be fitted onto multiple line images, a scaling
of the errors might increase the accuracy of the system. If two cameras are used,
and one is positioned at a distance far away from the object and the other camera
is positioned close to the object, then 2-D errors measured from images taken by
these two cameras, correspond to different errors in the 3-D scene. My suggestion
is that finding a proper weighting function can improve system performance.

The currently used camera model can be replaced by a more complex model, as
has already been implemented in other parts of the Vision Survey System. The
expectation is that especially objects that are captured near the borders of an image
will be estimated more accurately. Using a more complex camera model, however,
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also results in more complex error equations.

If the speed of the Geometrical Matching Process ever becomes a problem, then the next
suggestions can be considered :

Each time when the system performs a new iteration, the Jacobian matrix has to
be recalculated. This is necessary because its value depends on the state of the
system. In case the system is near to the solution, however, it will change in
relatively small proportions because of the local linearity of the error equations.
For this reason, it is possible to use In = Jm when n > m and ~m is sufficiently
small. The speed of convergence will not deteriorate in a significant way, but the
algorithm becomes much cheaper. This is called the simplified Newton method
(W&I, 1990).

The derivatives of error functions to parameters are derived algebraically.
Another possibility is to calculate them numerically. This can be an advantage,
because it gives a general way of calculating derivatives and a method that can be
used for all kinds of parameters, no matter what their complexity is. Because the
2-D projection of vertices is a very cheap operation, an estimate for a derivative
can be made very fast. The introduction of new kinds of parameters, like for
example the focus of the lens, is extremely simple. Because all derivatives of the
error functions to the current set of parameters are very smooth, it is likely that
only minor errors will be made (W&I, 1990).

It should be noted that the last two recommandations have a counter effect on the
accuracy of the system.
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