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Koekoek, Robert M.; Drie-dimensionale relaties uit globale beeldkenmerken.
Afstudeerverslag, vakgroep E.R., Technische Universiteit Eindhoven, april 1988.

In dit rapport is de levensvatbaarheid bestudeerd van twee iteratieve methoden voor het
instellen van ruimtelijke relaties (met 6 vrijheidsgraden) tussen een object en een door
een robot beweegbare camera.

De eerste methode minimaliseert het verschiloppervlak van een momenteel en een
gewenst silhouet tot op subpixel instellingsnauwkeurigheid, maar vereist veel
nauwkeurige camerapositioneringen. Experimenten gaven een juiste convergentie voor
rotatieafwijkingen van objecten tot 25 graden. Toevoeging van een geometrische modeler
maakt de methode geschikt voor het meten van gefixeerde camera-object relaties.

De tweede methode werkt volgens een nieuw principe en gebruikt oppervlakken en
zwaartepunten van 4 quadranten van het silhouet voor overwegend hierarchische
herkenning van afwijkingen in twee vrijheidsgraden. Dit leverde een groter
convergentiegebied op en, in contrast met de eerste methode, een vloeiende
camerabeweging.

Koekoek, Robert M.; Three-dimensional relations from global picture parameters.
Masters thesis, Measurement and Control Section E.R.,
Eindhoven University of Technology, April 1988.

The viability was studied of two iterative methods to establish spatial (6 degrees of
freedom) relations between an object and a robot-movable camera.

The first method minimizes the area of the difference between a momentary - and a
desired silhouette with a subpixel accuracy, but requires a large amount of accurate
camera positioning. Experiments showed a correct convergence for object rotation
deviations up to 25 degrees. Addition of a geometrical modeler enables this method to
measure fixed camera-object relations.

The second method uses a new principle and applies areas and centers of gravity of 4
quadrants of the silhouette for mainly hierarchical recognition of deviations in two degrees
of freedom. This yields a larger convergence region and, in contrast to the first method, a
smooth camera movement.
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Introduction

1 Introduction

In our fast changing world there is a growing need for automated manufacturing, replacing
repetitious and boring work by machinery1. Automation with computers has the property
that primitive reasoning can be stored and executed, without the need of the programmer's
attention at the execution of every processing step. The computer program is able to make
precise decisions at high speeds.

As we turn to manipulation of real-world objects, it gets much harder to make accurate
movements and precise decisions. As a means for making automated movements, man
constructed the robot. The fIrst generation of robots could better be called preprogrammed
manipulators, as they only allowed programming a fIxed set of movements that could be
repeated until the manipulator died of old age. But usually, there are more severe reasons
for halting the robot sooner.

The major problem that accompanies our repetItIous
machine comes from the fact that a programmer has to
specify very precisely how to perfonn each task in
cartesian or joint coordinates. But if deviating objects,
or manipulator tolerances, create an unforeseen physi
cal environment, the manipulator doesn't mind reach
ing its goal point through some piece of material
(fIg.!), probably injuring itself, nearby objects or
humans2. Fig.! Robot aided destruction

1.1 Sensors

To be able to solve our problem, we need sensors to yield useful environmental feedback
infonnation. The sensors types mainly used are:

• 2-Dimensional image sensors (cameras) for non-contact infonnation.

• Touch sensors for force control. They can prevent fragile objects from breaking while
being snatched by the gripper, and can detect accidental collisions.

1.2 Research goal

The main goal of the present investigation is to fInd practical methods to measure or estab
lish 3-dimensional positional relations between a single camera and a geometrically known
object. This relates to three useful applications:

1) The writer does not mean that this should lead to the unwanted unemployment of specific groups; the
extra spare time should be divided among people to do more useful and pleasant things.

2) Recent figures indicate that in Japan, robots killS to 6 people annually.
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Conventions

• Robot positionine. If the robot's gripper is equipped with a camera, it can be instructed
to move to a specified location relative to a given object. This task is useful when
approaching an object with the intention to pick it up. In fact, this was the incentive to
start this investigation.

• Camera location calibration. If the location of an object and its geometry are known, mea
surement of the camera-object relation can be used to calibrate the camera location.

• Object location measurement. From a known camera location, the position and rotation
of a known object can be measured.

A detailed analysis of how to use relative location descriptions in robot control is written
by P. Paul [17].

1.3 Conventions
Spatial or 3-dimensional relations are composed of 6 degrees of freedom; three translation
and three rotation parameters. In the rest of this report it will be assumed that
Location =Position + Orientation, or

=Translation + Rotation

The data describing an object is usually referred to as a 'model'. The main aspect used in
this report is a description of the three-dimensional space the object occupies. Other char
acteristics that could be used in certain applications are: color, weight, moment of inertia,
fragility, surface structure, friction, etc.

Computer programs, called geometric modelers, can generate a perspective view of a con
figuration of objects, as though it would have been observed via a camera. Its input con
sists of
• the geometric descriptions of objects, along with their positions and orientations,
• the camera position and orientation, and
• a camera optics description.

Fig.2 gives an example of an image generated by our geometric modeler. Although the
methods to be investigated use silhouettes, objects will sometimes be shown as grey
scale images to facilitate shape perception.
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Relative location description

1.3.1 Relative location description

Before continuing, a coordinate system for describing the camera-object relation should be
agreed upon. Let's suppose the object is fIxed at a certain location, and the camera moves.
It is benefIcial to use rather independent camera location parameters with respect to the
observed image.

As shown in fig.3, the translation and rotation of the camera are highly dependent; they
must be adjusted simultaneously to obtain a slowly changing image. Otherwise, the object
will disappear from the camera's visible region. Therefore it would be nice if the camera's
view direction would remain related to the center of the object during translation.

Fig. 3 Dependency of camera rotation and translation

e
.'.'.'

~
/

.//' A
"",

Fig. 4 Relative location description

Fig. 4 illustrates four of the six
parameters just mentioned.

Remember that 'h' stands for hori

zontal and 'v' for vertical. cph And
CPv denote camera movement in a
horizontal and vertical plane. Rota
tion around the view direction is

called p, while the object-camera
distance is indicated by A.. Devia
tions of the viewing direction from

the center of the object will be
called Bh and Bv'

The actual view direction can now be given as a two-angle offset from the object center. A
practical location description is in polar coordinates, yielding two angles and a distance,
related to a fixed coordinate frame with its origin at the center of the object. The last
parameter to be defmed is the rotation of the camera around its own viewing direction.
Note that this location description can easily be converted to the case where the camera is
fIxed and the object moves.
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Overview

1.4 Overview

In section 1.5, some related techniques will be summarized. Section 1.5.1 discusses some
aspects of the competing local feature matching method in more detail. In section 1.6, the
research constraints are listed for our global feature approach. Section 2 outlines how mea
surements of global picture features can be applied to solve our problem. Sections 2.1
shows how the problem can be converted to a scalar minimization. The method will be
improved by applying geometric knowledge and evaluated using the results of experiments
with 6 test objects. Section 2.2 describes the theory and experiments of our new global fea
ture recognition method. The results of the investigation are summarized in section 3.
Appendix A shows the details of a rotation conversion algorithm. Finally, appendix B lists
ideas for further research.
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Related techniques

1.5 Related techniques

First of all, there are a number of publications concerning camera calibration [13].
Although their main purpose is to estimate parameters determined by optics, some algo
rithms yield an object translation and rotation as a by-product. However, these calibration
methods are based upon the use of dedicated objects like chess-hoard-like patterns.

Several methods for 3-d object recognition give the object location as a by-product. Chien
and Aggarwal [12] showed how to combine multiple silhouettes from orthogonal views
into an octree representation and how to match it with a list of object descriptions. Hong
and Shneier [19], and Martin and Aggarwal [11] present less restricted ways to create
such a 3-d representation by means of a moving camera. A disadvantage of using this
method for our purpose is that high accuracy requires a detailed and therefore a huge datas
tructure. And for many objects, it is hard to fully reconstruct their shape because parts may
be hidden.

The logical consequence is to extract information from 2-d pictures directly. Brady [7] col
lected articles, describing methods to extract surface- and object shape from gray-scale
images. Although it wouldn't be too hard to match these with a geometric object descrip
tion, the extraction techniques are not very reliable.

Other methods use contour descriptions of black-and-white silhouettes from single
images. Van Otterloo [14] wrote an extensive survey on methods to describe these con
tours. Because of their size- and rotation- invariant properties, Wallace and Wintz [2] use
a Fourrier transformation of the contour for recognition. This description is stored for vari
ous viewing locations and interpolated to match a current picture. Although they claim to

do better than Dudani e.a. [3] and Richard & Hemami [4] (5° rotation accuracy), their own
results are not presented in a clear manner.

Contours can be expressed as a set of edges and comers. Horaud [10] uses these 00

called local features to match a picture with different kinds of models. A more detailed
description of this technique will be given in the next section.

Korn and Dyer [15] use regions of relative camera-object locations where the qualitative
description of the image remain the same, so called generic views. In such a region the
same object comers and edges remain visible. Once a few local features of the image are
found, this gives strong heuristic guidance where to look for more details to confmn a
hypothesis. Describing generic views is a kind of preprocessing that definitely speeds up
real-time recognition. But for complex objects, the number of descriptions (the number of
generic view regions) explodes beyond the limits of memory capacity.

An other way to describe images is by means of their internal area [16]. The new method
outlined in this report uses a very coarse description of the object's silhouette. It is
expressed in terms of global image features like areas and centers of gravity.
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Local feature matching

1.5.1 Local feature matching

Of the mentioned techniques, the most promising one for calculating relative camera-object
locations, is examined in more detail. This so called 'local feature matching' technique tries
to match small 2-d templates with the actual picture, to extract positions of edges and cor
ners [10]. Hardware can be applied to speed up the matching process [20]. Then a search
is started to find out which object location could have produced this combination of comer
and edge locations. Some remarkable capabilities are:

• the object location can still be found if the object is partly damaged,

• other objects may be in the picture as well, and

• parts of the object may be hidden by other objects.

Persoon [9] investigated the influence of these circumstances for 2-dimensional object
recognition. However, for the 3-dimensional (6 degrees of freedom) problem, there are a
number of additional implementational difficulties:

• The angle and orientation of comers is not known beforehand.
Since perspective projection changes angles of projected comers in the image, it is labo
rious to obtain accurate and reliable comer positions.

• Comers and edges appear and disappear as the object changes its orientation.
For complicated objects, the search process has to explore a gigantic amount of possibil
ities, which is e.g. the case for the object in Fig. 5.

Fig. 5 Silhouette and wire-frame of an object with an intricate
set of occluded comers and edges.

• Projections of curved surfaces render complicated edges.
Curved surfaces yield edges in images only because of the 2-dimensional projection.
The assumption of a simple mapping of edges in the image onto physical locations on
the object is invalid here.
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Local feature matching

• Noise distracts local feature detectors.
Noise easily generates small changes that can be interpreted as comers (Fig.6). On the
other hand, actual comers might be overlooked because of noise. This stems from the
fact that the recognition process is only local, without overview of the entire image.

template:

Ii

Fig.6 Comer detection
distraction

• Out of focus images.
When (due to large camera-object distance variations) an image is out of focus, projec
tions of comers are rounded, hampering the comer detection process.

• The projection may create extra comers.
Object parts which have different distances to the camera may generate extra comers as
indicated by fig. 7

Background part....

Fig. 7 Extra comers after projection.

Due to the nature of the disadvantages, the local feature matching method was rejected. In
our new method, global image features like areas of surfaces and centers of gravity are
used to avoid the difficulties mentioned above.
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Research constraints

1.6 Research constraints

Having choosen for global picture features, several constraints have to be imposed to make
our goal tenable within today's range of technical possibilities and the limited time
assigned for investigation:

• Binary camera images (black and white silhouettes) without internal contours.
Color and grey-scale images are not considered for the time being because it is hard to
reproduce them in environments with slightly changing light conditions and because of
the occurrence of complicated shade patterns.

• Only the relevant object is visible.
Other objects may be visible if they remain in a known, fixed geometrical relation to the
target object and remain within the picture during the movement or measurement. In
these cases they are considered to be part of the target object (and its geometric model).
In some cases, projections of unrelated objects can be filtered from the image by means
of connected component labeling techniques [6].

• Perspective projection is allowed.
This indicates that the camera can be relatively close to objects.

• The object's geometrical description is known and correct.
So damaged objects are excluded. But if object shape deviates, this may be detected. In
some cases to be described, the model can be made by simply showing the object to the
camera.

• The range of possible position and rotation deviations may be restricted.
Algorithms are initially fed with expectations of position and rotation values. In practice,
small deviations will be more frequent than large ones.
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Global feature improvement

2 Global feature improvement

The two methods described in this report strongly deviate from the 'local feature matching'
approach. They use global image features like areas and centers of gravity as input. Since
these features are only vaguely related to specific object parts, the object can not be recog
nized in the sense of knowing how parts of the picture relate to parts of the model.

The outputs of the algorithms are desired changes in camera-object relation. For the
altered situations, new pictures can be obtained in two ways:

• by means of a camera moved by a robot (in case of robot positioning), or
• by means of geometric modeler simulation (in case of camera location calibration or

object location measurement, for which physical movements are not allowed).

The methods starts with an initial spatial relation and compute incremental changes to
optimize the match a of a variable image with a desired image (fig. 8) of the object at the
desired location. It is assumed that when the variable image equals the desired image, the
prescribed relative location is reached. For our three applications (see sections 1.2),
desired and variable images are defined as follows:

new location
Fig. 8 Global feature

improvement

• Robot positioning: the desired image is the image of the object observed from the pre
scribed relative location. The variable image stems from the movable camera.

• Camera location calibration: the desired image is the image observed by the camera; the
variable image is created by the modeler which may change the virtual camera location.

• Object location measurement: the desired image is the camera image; the variable image
is created by the modeler which may change the virtual object location.

It is assumed that images are equal if Desired

~~~;E:~SF.~;~l~~:;; • inuge

and/or features of their subtraction, to find
a relative camera-object movement that
improves the resemblance between the
pictures.

~:;7::£:~i:r:;:£:~:::~ L.,.1.~.I.'..j~I_.. ~g'~ble
theoretic and experimental level. .
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Minimization

2.1 Minimization

\1.._----
Fig.9 Modulo-2 image subtraction of the object in fig. 5

observed from 2 different locations.

For our optimization strategy, a pure scalar minimization algorithm can be used if the simi
larity between two pictures can be expressed as a single number. A modulo-2 image

f1r!b1fllj

h"(7
- I

subtraction yields the regions where the images differ (fig. 9). The total area of this sub
traction has been taken as input for a pure minimization process. So determining the 6
degrees of freedom in our camera-object relation now consists of finding a minimum in a 6
dimensional landscape. Fig. 10 shows 2 dimensions of this landscape for a 512*512 image
resolution. The parameters indicate the difference in location between desired and variable
image. So for (<Pv,<Ph ) = (0,0) the difference between the pictures is 0 pixels. If we move
away from this origin, the number of different pixels increases until we encounter relative
maxima. Within this range, optimization by means of minimization is possible.

-150.000
pixels

88°

,/
<Ph

880 -88°

Fig. 10 The (<Ph'<P) landscape of the object in fig. 5
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Simplex minimization

2.1.1 Simplex minimization

There are numerous ways to find a IIDmmum in an N-dimensional space. The basic
approach is to determine some kind of gradient to move downhill. Methods differ in the way
heuristics are applied to improve efficiency. Hieltjes [22] visualized the behavior of the 14
best known minimization algorithms. If, as in our case, the derivative of the function is not
mathematically known, the so called 'simplex' algorithm [21] is a good choice. In an N
dimensional space, a simplex is defined as the simplest geometric structure that contains
an N-dimensional volume. In two dimensions this structure is a triangle (fig. 11), in three
dimensions a pyramid, etc. In our case, the first (6-dimensional) simplex is set up at the
position corresponding to an initial camera-object relation, with an ad-hoc size in each
parameter direction. An N-dimensional simplex can be described by N+ I points. Each
point represents a specific camera-object relation, for which the resemblance (number of
different pixels) with the desired image can be evaluated.

t
Parameter 2

B

Parameter 1 ----.

Fig. 11 Simplex node classification

The points (or nodes) are now rated as follows:

• the best node (B) (with the lowest number of different pixels),
• the worst node (W) (with the highest number of different pixels), and
• others (0).

In addition, the position of the mean value (M) of all but the best node is calculated and
evaluated. A heuristic algorithm uses the evaluated values of the nodes to determine a
movement or deformation of the simplex. In the implementation made for our purpose, five
simplex transformations are defined, with the intent to obtain improvement with respect
to the node values.
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w
Reflect

Contract

Fig. 12 The five simplex transfonnations

Simplex minimization

I
..~m~~:~~:;11

The first four transformations tty to find new positions to replace the worst node. New
candidate points are calculated as follows (the capital letters represent position vectors):

• R =2*M - W ; W is reflected in M
• E =3*M - 2*W ; W is reflected in M with a factor 2 enlargement.

• C =(W + M) /2 ; C becomes the mean value of W and M
• S =(3*B - M)/2 ; S is reflected in B and scaled by a factor 1/2

Our algorithm scans these possibilities until a position with a better evaluated value than
the worst node is found. If they all fail to render improvement, the 'shrink' operation is
applied, shrinking the whole simplex in the direction of the best node by a factor 2.

This process is repeated until improvement drops below a certain threshold. Fig. 13 gives
an impression of simplex movements and reshapes in two dimensions.

o Transfonnations used:
o-> 1 : Expand
1 -> 2 : Reflect
2 -> 3 : Contract
3 -> 4 : Reflect
4 -> 5 : Reflect
5 -> 6 : Reflect
6 -> 7 : Stretch
7 .> 8 : Shrink
8 -> 9 : Reflect

Parameter 2

t ~ter I

Fig. 13 Simplex behavior in a landscape indicated by lines of equal height.
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Simplex minimization

As a result of the property of the simplex to reshape, it can become quite long in directions
where large steps may be useful (see step 3 in fig. 13), while staying narrow in unsucces
ful directions, so it can quickly traverse through long, narrow valleys in the landscape.

When using this type of minimization with integer evaluation results (the number of differ
ent pixels), it may loose a sense of 'steepness' when the simplex gets too small (fig. 14).

t
Evaluation

Value

Parameter1-

Fig. 14 Evaluation value rounding to integers

Therefore, a detection mechanism has been built in. It enlarges the simplex whenever it
tends to get too small (fig. 15).

.....:----------=... 8

Parameter 2

t ~ter1
Fig. 15 Enlarging the simplex
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Test objects

2.1.2 Test objects

To test the behavior of the optimization methods in this report, the following six objects
were chosen as test objects. The pictures display the desired camera-object relation as
used in the experiments.

Fig. 16 The Cube Fig. 17 The M-shape

The Cube (fig. 16) is included to test the behavior of objects showing three side surfaces.
The M-shape in fig. 17 shows the typical shape of a piece of transformer core.

Fig. 18 The Blocks Fig. 19 The Industrial object

The four blocks in fig. 18 give a drastically changing image when any of the 6 location
parameters is changed, hopefully resulting in a high accuracy. To find out how the methods
react to near-symmetry, the blocks are positioned almost, but not exactly, at the corners of
a square. Fig. 19 shows a good example of an industrial tool used during assembly.
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Test objects

Fig. 20 The Spheres Fig. 21 The space shuttle

Unlike the preceding objects, the two objects above have curved surfaces which would pre
sent severe problems to local feature matching techniques. The displayed facets are a side
effect of modeler limitations. The Spheres in fig. 20 have a 120 degrees rotation symmetry,
while the space shuttle (fig. 21) has an irregular structure.

In the experiments, black-and-white silhouettes of the objects were used with an 512*512
image resolution (262,144 pixels). A modeler package from the Eindhoven Technical Uni
versity [25] was used to create artificial pictures.

All images used in the experiments were obtained with the modeler, also the images that
should come from the camera. So deviations between the object and its geometric model, or
the camera and its optics model could not influence our results and complicate its interpre
tations.
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Experiment: 6-parameter simplex minimization

2.1.3 Experiment: 6-parameter simplex minimization

The Simplex algorithm was implemented to optimize all six degrees of freedom simultane
ously. The input evaluation value used was the number of different pixels between the vari
able and desired image.

The results:

Finding the desired location for the blocks in fig. 18 was solved in an average 230 itera

tions for deviations of <Ph and <Py of 30 degrees, a distance variation A of 30%, with ah, and

a such that corresponding blocks still show some overlap. Fig. 22 gives an example of
y

such a configuration.

Variable image--.......

J

~ Desired image

Fig. 22 A modulo-2 subtraction of the variable and desired images.

The desired location was found with the pictures showing only about 25 pixels difference.
In other words, only 0.01% of all pixels, or 1% of the (2500) edge pixels was wrong! This
means a sub-pixel accuracy (shifting the variable image by 1 pixel yields about 80% wrong
edge pixels). Within this region of accuracy, the rounding-effect of area to integers
becomes too severe for gradient-based minimization methods to obtain further improve
ment. The high accuracy makes this method a candidate for camera location calibration,
where the use of dedicated objects is allowed.

The other objects performed poorly. During the hundreds to thousands of iterations needed,
it was clear that, at some points, it took an abundance of steps to find a new direction of
improvement. The reasons for this hesitating behavior will now be discussed.

Page 20



Disadvantages of 6-parameter minimization

2.1.4 Disadvantages of 6-parameter minimization

Although gradient methods, like the simplex method, reduce the problem to simple mini
mization, they turn out to be quite laborious.

+Desired image
Fig. 23 A modulo-2 image subtraction of a schematic situation.

The landscape representation in fig. 10 shows a rather smooth surface The actual 6-dimen
sional landscape is more deceiving for minimization algorithms. The reasons will be
explained using the modulo-2 image subtraction in fig. 23, where the variable image is

smaller than the desired one because the camera-object distance A is too large. If we
decrease this distance, the number of black pixels in the subtraction decreases, until a cer
tain point This relates to a "valley" in the landscape function. Now the rotation around the

camera's view direction (p) may cause improvement. But after about 10 degrees of rota
tion, this improvement also stops. So while descending the bottom of a valley, it suddenly
goes up again, and we have to look for an other direction of improvement.

Minimization algorithms do not have an overview of the landscape; they can only ask to
evaluate the height at single points. They generally use some sort of gradient, and try to
improve their efficiency by maintaining a set of promising directions for improvement.

In the situation described above, the gradient at the bottom of a valley may make a sharp
turn. Fig. 24 displays the gradient arrows in this region. Note that only the gradient at a

HHHH0/
-. -. -.~~
~~~~
HHHH~HH3:

Simplex before ~HH ::
~HH::

Simplex aftez....j
Fig. 24 Gradient arrows near a corner in the bottom of a valley

narrow path at the bottom of the valley points in a direction of sustained improvement.
When using a simplex method, before encountering the corner, the simplex is rather long
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Disadvantages of 6-parameter minimization

and insensitive to perpendicular gradients. By reflecting itself. it can make large steps
through the valley. When encountering the sharp tum. the simplex must totally reshape
before the new direction can be traversed efficiently. In the meanwhile. it is deceived by the
gradient on the side walls of the valley. Therefore. it takes many iterations to find a new
direction of improvement and shape the simplex accordingly. The situation is even more
complicated than shown in fig. 24. since the new direction must be found in a 6-dimensional
space.

These complications are a direct result of the limited input used by minimization algo
rithms; the desired and variable images have to be compressed into only one number!
Another aspect is that no geometric knowledge is applied. forcing the minimizing algorithm
to re-invent the wheel every time.

Usually. minimization methods are rated by means of the number of trials they make to
reach a minimum. But in case we use robot controlled camera movement. there is an extra
complication: it takes time to let a robot move. especially when it has to change its direc
tion. For many systems. a substantial amount of time should also be added for precise
positioning; to let the robot arm come to rest. The path created by joining the positions of
successive measurements is very ragged (fig. 25). inherently formed by the positions of
the trials.

Parameter 2

t ~_1
Fig. 25 Sample robot movement

These difficulties stimulated the search for other methods.
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Geometric knowledge

2.1.5 Geometric knowledge

In order to speed up convergence, a search was made for easily computable relations
between changes in camera-object location, and corresponding changes in image features.
Variations in ah, av' A, and p give quite predictable changes in their projected image, since

the projected shape of the object doesn't change much. Variations in <Ph' <Pv' or P yield
characteristic changes in the number of differing pixels between the desired and variable
image, rather independent of the object shape. These dependencies will now be discussed
in more detail.

•••••••••••••.••.•..••.•.••,...

Center
.••••• U••of<··..
gfav~y •..•.•.< .

~);)' .1..••••••••••••••••••••••••••·••••••••.•••••••••••••• ••••••·•••i()·~~ ••••••·.).·····

Fig. 26 The relation between view direction and center of gravity

There is a strong relationship between the camera's viewing direction and the center of
gravity in its image (fig. 26). For small changes, this is an almost linear dependency.

Fig. 27 The relation between area and distance

The area of an image strongly relates to the squared inverse of the camera-object distance
A. (fig. 27). Although this doesn't include the effect of a changing object shape due to per
spective projection, the deviation goes to zero for small changes in A.
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Geometric knowledge

Fig. 28 The relation between area of difference and

Experiments showed that changes in <Ph'<Pv' or P (which can also be interpreted as object
rotations) yield a characteristic change in the area of the modulo-2 subtraction (of the
desired and the variable image), resembling the 'absolute' function (fig. 28). Three sam
ples (not all on the same side of the minimum) are needed to determine the parameters. A
good guess for the minimum can then be found immediately.

Directioh .... f· .<,....,•.. 0 ....•.:: ..
longest
>ax1.s .....

Fig. 29 The relation between rotation around the view
direction and rotation sensitive features

When the camera rotates around its own viewing direction, the shape and size of the pro
jected image are fixed. Therefore, this orientation variable relates directly to image fea
tures like longest-axis or most-remote-point-on-the-periphery (fig. 29). But these fea
tures are computationally more complex than 'area' and 'center of gravity'.
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Experiment: geometric knowledge

2.1.6 Experiment: geometric knowledge.

A computer program was written to verify the usability of the geometric knowledge. First
of all, the number of iterations were measured to let a single location parameter converge:

• When using the 'view direction - center of gravity relation', it takes two to three itera
tions to converge.

• The 'area-distance' relation needs an average of 4 iterations to converge.

• The 'area of difference'- '<Ph'<Pv'P' relations were used in the following strategy. Two

evaluations determined a gradient (point 1 and 2 in fig. 30). Then the landscape was
descended in exponentially increasing steps, until the minimum of the valley was passed

(point 5 in fig. 30). The last 3 observations (3, 4, and 5) were used to determine the

parameters in c . I x - A I + B, in order to approximate the location of the minimum (point
6).

t
area of

subtraction

<Ph'<Pv'P---'
Fig. 30 Strategy to determine <I1t,<Pv' and p

Repeated application of this heuristic rule allowed single-parameter convergence with
about 20 evaluations.

• Rotation around the camera view direction causes absolutely no changes in the projected
shape. Therefore, it is an explicit relation that "converges" in one iteration.

A 6-parameter minimization program was constructed that allowed each of the location
parameters to be adjusted in tum (p, <Ph' and <Pv were adjusted using the strategy in fig.
30). It resulted in a speed increase of 2.5 times, compared to the simplex method. This fig
ure can be made much higher:

• by adjusting more than one location parameter at a time, using several features from the
same picture, and

• by allowing combinations of rotations (<i1lPv'p), so movements don't have to be made
along one of the axis.

In spite of the good looking prospects, in case of robot positioning, minimization of q>h,q>v'P

still needs very precise positioning, and still causes a ragged robot movement.
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Experiment: convergence regions

2.1.7 Experiment: convergence regions.

An exhaustive simulation has been done to detennine in which region <Ph' <Pv' and p will

converge, when optimized by any kind of gradient method. The other three parameters are
assumed to be optimized by direct geometric knowledge. A program for graphical presenta
tion of the results was written in the pop11 [26] language.

For the 6 test objects described earlier, images were generated with <Ph' <Pv' and p ranging

from -88 to +88 degrees, in steps of 8 degrees. This grid is accurate enough to represent
the amount of detail in our test objects. The range is large enough to capture the symmetry
in most of our objects. The corresponding camera positions lie on a half sphere, typically
the space available above a table. So about 73000 test points (pictures) were evaluated.

The data can be regarded as a 3-d cube (array) with each cell containing the area of a mod
ulo-2 difference. For every cell, the 26 neighbor cells were examined to find the one with
the lowest value. By means of a directed tree, each cell was labeled either 'converge', if
the downhill path led to the origin (the desired relative location), or 'diverge' otherwise.
Other solutions than the desired location, found due to object symmetry, were approved
(labeled 'diverge'). This may be different in practical applications.
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Experiment: convergence regions

The converge and diverge regions of the 'industrial object' (fig. 19) are illustrated in fig. 31

as a set of planes"each with a different but constant p value, with the <Ph in the horizontal,

and <Pv in the vertical direction. Converging cells are marked black.
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Fig. 31 The convergence region of the 'industrial object'

From fig. 31, we can not understand why paths are taken. It would be useful if we could
examine a 4-d landscape or 3-d perpendicular (equi-pixeldifference) contours, but these

can not be drawn on 2-d paper. Therefore they are illustrated, as an example, for <Ph' and

CPv in the p=O plane (fig. 10 and fig. 32). Remember though, that the algorithm can jump

from one such plane to an other when minimizing 3 location parameters.
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Fig. 33 A convergence region
representation.

Experiment: convergence regions

The equi-pixeldifference contours are drawn for multiples of 1000 pixels. They are interpo-

-88
0

;/;

0° <Ph---'

Fig.32 The equi-pixeldifference contours of fig. 10

lated between measurement points. The minimum at the center is surrounded by a range of
relative maxima, clearly limiting the region of convergence. It is still hard to image how a
position in these figures (fig. 10, fig. 32) corresponds to a camera-object location.

Paul [17] described a method to convert a series of rotations to a single, equivalent, rota
tion around a new axis. The program used for this conversion is listed in appendix A. We
can use it to convert the combination of <Ph' <Pv' and p to a rotation around a single axis.

E:.;~~~=~u;~~=~=~~:£;~:: rm \~.'''''~'
of a globe. Fig. 33 shows the front- and back part of :':1-+-1:-+-+-+-+-+....u
such a globe, where a point on the surface represents:} \ {@} \)

:::~~:~ng1:~to::~'?~~?t7.~:,~~g~~:~:.~~.,
inside). A set of these globes, each one representing
a different amount of rotation, fonn an alternative rep
resentation for the cube-cell approach in fig. 31.
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Experiment: convergence regions

The color on the surfaces of these globes were used to indicate whether a relative camera
object location (related to the corresponding rotation vector and indicated amount of rota
tion) would converge (black) or diverge(white). Charts were made for the six objects, con
taining half-globe pairs representing rotations of 10, 20, .. ,80 degrees. The easiest way to
interpret them is to apply a right-turning rotation rule, and imagine the object to rotate
around the vector. Although it takes some time to become familiar with this representation,
it gives a good overview of a large set of spatial relations.

......
, ,\

\\
···60 .

70

Fig. 34 A 'globes' representation of the convergence region of the cube in fig. 16

Fig. 34 shows the eight globes describing the convergence region of the cube in fig. 16. As
an example, the relative location indicated by the north-pole of the first globe (10 degrees)
is shown in fig. 35 (compared to the desired relative location shown in fig. 16). The cube is

Fig. 35 Sample rotation change of the cube in fig. 16

simply rotated 10 degrees around a vertical axis.
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Experiment: convergence regions

The ragged borders in fig. 34 are a result of the measurement grid approximation. At 10 and
20 degrees, all rotation directions will converge (the globes are totally black). At 40
degrees divergence shows up for some rotation axis. At the top right, a more precise
description is given of the relative location with the lowest amount of rotation, where diver
gence occurs (the "closest divergence" point). It is expressed as a single, alternative, rota-

tion, and as a series of the standard rotations %' <Pv' and p (in that order). So we may

conclude that, when using a gradient minimization algorithm, any rotation deviation of less
than 36 degrees will converge.

The relative locations where divergence occurs at low rotation angles are characterized by
the fact that the camera sees only two faces of the cube, instead of three. While in this sit-

uation, the projected picture becomes rather indifferent to variation in (j>h' and (j>v ' giving

the minimization algorithm no clue which direction to choose.

The cube has a symmetry of 90 degrees, so in the "80 degrees globe" there must be posi
tions that converge to a symmetric camera-object location. But these are marked "diverge"
(white) to keep the meaning of the charts clear.

The reasons for divergence of the other objects will now be reviewed.

Fig.36 A 'globes' representation of the convergence region of the M-shape in fig. 17

Fig. 36 shows the results for the M-shaped object,
with fig. 17 as the desired image. There is a local mini
mum in the landscape at approximately 90 degrees
rotation away from the desired location. Fig. 37 shows
the object in this location. If you compare it with fig.
17, it is clear that the images overlap quite well. At
about half the rotation (43 degrees, fig. 36) the mini
mizations starts to feel the attractions of this location
and goes the wrong way. Fig. 37 An "attractive" location.
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Experiment: convergence regions

Fig. 38 A 'globes' representation of the convergence region of the blocks in fig. 18.

When the blocks (fig. 38) are rotated about 39 degrees, the image degenerates to only two

distinct areas, for the blocks in the back are hidden. At 45° the minimization starts to doubt
between moving to the desired location, or the almost-symmetrical location 90 degrees
away; beyond 45 degrees, the chance on correct convergence rapidly drops.

\
80

Fig. 39 A 'globes' representation of the convergence region of the industrial object
in fig. 19

The fact that this object is hollow enables the industrial object (fig. 19) to change the area
of its projected shape dramatically. When turning around the vertical axis, you can alterna
tively see through the open area, or look at the bottom plate, which strongly infects the

height of the landscape (fig. 39). Here too, the almost-90° symmetry creates a local mini
mum that starts to cause divergence at about 45 degrees.
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Experiment: convergence regions

Closest diverge at 50°
(<i>ll'<i>v'P): 8°,32°,40°

Fig.40 A 'globes' representation of the convergence region of the spheres in fig. 20.

As expected, the curved surfaces of the spheres (fig. 20) pose no extra problem to our
method. Fig. 40 reveals that it gets confused whenever two of the three spheres are in-line
with the camera's line of sight; the image degenerates to two spheres connected by a bar.
In such a case, there are two directions of improvement.

Closest diverge at 29°

(<Ilh'<i>v.~..p..... ): 16°,8°,24° ..

. ".. .

J\.
80~

a
70~

Fig. 41 A 'globes' representation of the convergence region of the shuttle in fig. 21.

The shuttle (fig. 21) has no rotation symmetry. But,
according to fig. 41, after projection, the algorithm finds
that fig. 42 and fig. 21 look similar. In fact, it tries to
match the cabin with the wing, an other wing with the
engines, etc.

Fig.42 A symmetric location?
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Summary of the results

2.1.7.1 Summary of the results

The causes of divergence of the test objects gave a good insight of the related misleading
ambiguities. In order to judge behavior for objects, and choose a good desired location, a
general set of rules have been extracted:

1. If the object has a rotation symmetry at ex degrees, convergence will surely be

bounded by about al2 degrees.
2. Gaps and holes can cause large area changes in the picture which may cause the

algorithm to diverge.
3. Object parts may look symmetrical after 2-d projection, generally because of parts

extending in different directions not in one plane.
4. When large distinguishing parts disappear, the system may loose its way.
5. A front face of an object may obscure other parts in such a way that a flat region

appears in the landscape.

When possible, the desired location can be chosen to be "far away" from locations where a
difficulty arises.

It can be concluded that misinterpretation of images is caused by ambiguities introduced in
the image-to-global-feature transformation. Since images are convened to single numeric
values, there is an inherent information loss.
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Global feature recognition

2.2 Global feature recognition

When using a minimization method, the whole image has to be convened to a single value.
This gives a tremendous information loss, which has to be overcome by a "trial and error"
strategy. The logical conclusion is to use more than one image feature. In that case we can
not use minimization, because the minimization more than one number is meaningless.

A new method will be described that tries to improve the camera-object relation by trying
to match several features of the desired and variable image. Due to the time limitation of
this investigation, only the robot positioning case was explored in depth.

First, the theoretic background of the problem will he highlighted. It will be used to show
why, in our particular case, a very large storage requirement reduction is possible. In sec
tion 2.2.3 , the general terms of the theory will be replaced by concrete implementational
choices to conduct an experiment.
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Theory

2.2.1 Theory

A known object with a particular position and orientation causes a related filling of 3-d
space. The camera projects this space onto a 2-dimensional surface. This image is mapped
onto a list of global features.

Location~ Space....!!.... Image....£..... Features (1)

(2)Features

If the overall mapping function is unique for every point within a limited domain, an inverse
function of the mapping exists in this region.

A-I ~1 ~1Location ............,;~--......;;;......--....;;;;--

The inverse can be found by reversing each of the three steps. These mappings are perfect
ly known as geometric rules, but they are very hard to invert explicitly. For, like Fourrier
transforms, they distribute and merge information, but in a very complicated and non-linear
way.

The inverse can be approximated by explicitly storing the relations between samples in the
location- and feature space (fig. 43). In practice, the sample density is bounded by storage

Location space Feature space

Fig. 43 Related elements in the location- and feature space.

capacity, search time, and time available to connect elements in the two spaces by means
of simulation (modeler) or robot action.

An important improvement in this approximation of the inverse function can be made when
we consider that, in this particular case:
• we can~ around in the location space by means of a robot or a modeler, and
• small changes in the location space correspond with a small range of feature values.

Implications of these properties will be explained in the following by means of graphically
represented 2-d spaces. Points or regions in the location space will be indicated by capital
italic letters, like A, B, etc. Their corresponding features are termed I A' I B' .. etc. A dis-

tance D(fA,IB) is defined in the feature space. It expresses a degree of 'proximity', giving
a low value when feature values are similar. The desired camera-object relation will be
called the origin of the space, denoted by O.
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Theory

Now let's assume that for the region called "A" (Fig. 44), situated around the origin, the
location-feature mapping is known with sufficient accuracy. So for images with feature val-

ues in fA (Fig. 45), the corresponding location is known immediately.

Fig. 44 Location space before movement fig.45 Feature space before movement

Let f B describe a region in the feature space (Fig. 45) for which it is easy to detect
whether points lie in it or not. For example, the region where the distance between points
and f p lies below a certain threshold. A corresponding region B (around location P) can be
drawn in the location space.

If an observation within f B is made, our

strategy is to move (the camera) along the......
vector PO in the location space.

So part of the points in B will end up inside region A (called B' in fig. 46), for which recogni-

Fig. 46 Location space after movement fig. 47 Feature space after movement

tion is assured (fig. 47). Hence, the region in which we will find the desired location is
enlarged by R at the cost of a detection in the feature space, and one movement in the loca
tion space. In this case, the detection requires knowledge of one extra location-feature

relation (between P and f p).
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Theory

Several observations should be made at this stage:

• Due to the definition, region f B doesn't have to be a (multidimensional) sphere in the
feature space. If a minimum distance rule is used to find the closest known point, the
regions become cells of a so called 'Voronoi' diagram [1], as in the example in fig. 48..

fa •

•
f F

Fig. 48 A Voronoi diagram, describing a feature space panitioning

There can be several points like P (fig. 44). The one closest to the current feature-point
can be chosen to guide the location change. So, observations with features in regions

f B .. f G in fig. 48 will cause different location changes that try to move towards region
A.

• The whole recognition process can be set up as a hierar
chical repetition of the strategy mentioned above. In fig.
49, observations in Y cause a movement to X, where the
process repeats in order to move to region A. Initially, a
coarse recognition in Y suffices to move to a smaller area
X where the density of known points is higher.

But a strict hierarchical recognition, arriving in a layer of
regions closer to the origin at every step, is not necessary
to fmd the location of the origin. We could, for example,
move from region Y to somewhere else in Yand then to X.

Fig. 49 Hierarchical
recognition

Location space
• Widely separated locations may produce identical feature

values. This can be the result of each of our three mapping
steps:

- Different relative locations may result in the same relative space-occupation, due to
object shape rotation symmetry.

- The information loss due to perspective projection yields equivalent pictures; for
example because object parts may be hidden by other surfaces.

- Different pictures may yield the same feature values, simply because of the inherent
data reduction.
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Theory

• Using the hierachical recognition process, a reduction of known location-feature correla
tions is accompanied by an increase in the number of movements we have to make. But,
in a well designed hierarchical recognition approach, the movements tend to go in the
direction of the origin, where we want to end up anyway. So, in case of robot controlled
camera movement, this method needs little extra positioning time. And, as long as we
know the exact location of the camera (by measuring the robot's joint angles), some
degree of mispositioning can be tolerated.
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Convergence verification

2.2.2 Convergence verification

Knowledge, expressed as a set of known location-feature relations, can divide the feature
space into regions by means of a Voronoi [1] diagram. This diagram can be translated to
the location space, whereby its straight lines are reshaped and some feature space regions
may have more than one mapping in the location space (fig. 50).

•

•

o
Location space Feature space

Fig. 50 Regions corresponding to a Voronoi partitioning in the feature space.

Convergence can be verified by checking if all points in a location-space region end up in an
other one (in one or more steps). For example, when region L in fig. 50 is moved towards
the origin, its interior will be fragmented into regions for which different movements will be
made in the next step. The movements of the fragments should be traced until they end up
in region A. In practice, though, it is difficult to determine these regions in the location
space.

Convergence can also be checked by a course grid of test points in the location space.
Between these points, there exists a maximum range in which features of intermediate
locations can lie. This range can be approximated by an easily computable upper limit.

upper limit of
¥ feature deviation

JI' grid point

Actual
curve

t
Feature

this range
will diverge .

location ~

Fig. 51 Verification by worst-case feature estimation.

If, for a region between grid points (fig. 51), divergence is possible, the grid can be locally
refined by extra measurements, resulting in a hierarchical verification process.

The verification can be done off-line by using a modeler or a robot manipulated camera.
Completely autonomous heuristic search algorithms can be made to generate an efficient
set of known location-feature relations, and verify that they will let our process converge.
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Experiment: 2-parameter feature recognition

2.2.3 Experiment: 2-parameter feature recognition

Specific choices were made to substitute the theoretic tenns of section 2.2.1, in order to be
able to conduct an experiment. A feature recognition system was first implemented to

solve (<Ph'<Pv)' with the other location variables being optimized by geometric knowledge

(section 2.1.5). The main questions were:
• Is it possible to find a relatively small set of known location-feature relations?
• What is the size of the convergence area and how does this relate to object shape and

the results obtained by gradient methods?
• What is the effect of image distortion?

The experiments were set up and refined to gain an impression of feasibility; not to create
an optimal system. So negative results should not be interpreted as method failure, but as
an invitation for further research.

Fig. 52 The chosen image partitioning for global feature extraction

(3)

(4)

f= (A,C ,C)x y

The areas l
(A) and centers of gravity (C) of 4 quadrants (fig. 52), with the origin at the

overall center of gravity, were chosen to be our image features,

A I /100 Cl Cl
x y

A2/100 C2 C2

A= C= x C= y
A3/IOO x ~ y C3x y

A~l00 ~ ~
where the top-right indices denote the quadrant number. The 4 independently regulated
location variables (8h, 8v' A., and p) are still allowed to have small errors, for there influ

ence on our 12 features can be easily corrected. For this reason, the total area, the overall
center of gravity, and the longest axis can be used to scale, rotate, and translate the 4
quadrants (so the camera doesn't have to move, and we don't need an other picture).

A total= Xe (1 1 1 1) R = angle of longest axis

Ctotal= ATeC y Ctotal= ATeCx
y A total x Atotal

1) The area is divided by 100 to keep all features values within the same order of
magnitude.
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Experiment: 2-parameter feature recognition

The distance calculations for features is defined as follows (i denotes a component index):

(5)

Fig. 53 gives an overview of the behavior of the feature recognition method for the industri

al object (shown in fig. 19). Camera-object relations are simulated for <Ph' and <Pv ranging

<p~
<p h -88 -80 -72 -64-56 -48 -40 -32 -24 -16 -8 0 8 16 24 32 40 48 5664 72 80 88

~ .:8 -.. 2 15 9 18 18 18 18 18 18 18 14 2 3 3 5 5 5 5 3 3 5
• • A

-80 11II. 15 13 14 18 18 18 14 18 18 18 12 12 16 3 5 7 7 5 3 5 ~.

-72 - - 2 15 9 17 14 18 18 18 1f 18 18 18 18 5 5 7 7 7 14 12 5

-64 _. 15 13 18 18 18 18 14 16 if I!ID 18 16 16 18 7 7 7 5 3 5 5

·56 _ _ 15 13 9 18 5 14 11 18 if 18 18 18 5 5 7 7 7 5 3 3 5

-48 _. 13 13 14 18 3 18 18 11 H 14 14 14 3 14 14 14 14 5 3 3 5

-40 _. 2 15 9 17 14 18 18 14 H 14 14 14 14 14 12 14 14 7 3 3 5

-32 _ _ 15 13 18 18 14 18 lB lB 1~ I!!J 14 14 14 12 5 5 5 5 3 3 3

-24 _ _ 15 13 9 13 9 lB lB lB 9 14 14 2 3 3 5 5 5 5 5 3 3

-16 _ _ 13 13 lB 13 19 lB lB I!ID 18 I!lI 12 12 3 3 5 7 7 5 5 3 3

·8 _ _ 2 15 lB 13 9 13 18 (!lJ 9 I!ID 19 18 3 5 5 7 7 7 7 3 3

o 11II11I15 ~ 13 13 13 I!ID 13 IllJ [[] I!J @] 3 ~ 7 7 7 ID 7 3 3

8 .11I15 15 2 11 13 13 11 11 9 IlJ 2 2 5 5 7 7 7 7 7 3 3

16 .11II 4 4 4 4 4 13 11 11 4 I!J 4 4 6 Il Il Il 7 7 3 3 •

24 .11II 2 19 4 19 4 4 4 8 4 4 8 19 8 Il Il Il 8 7 3 3 11II

32 -. _ 4 4 6 6 Il 6 Il Il 6 I[] Il 6 6 B B 6 6 3 3 3 11II

40 11II_ Il 6 4 4 Il 6 8 6 6 6 6 6 8 8 8 6 4 5 3 3 11II

48 11II_ 4 6 6 4 11 6 11 6 6 6 8 8 8 8 6 6 4 3 3 3 11II

56 •• 4 6 6 6 4 6 8 B B B 8 8 B 6 6 6 4 3 3 3 11II

64 •• 4 6 6 6 6 6 6 B 8 I[] B 8 6 6 6 6 7 5 3 3 11II

72 •• 4 6 6 6 8 6 6 B 8 B B 8 6 6 Il 7 7 7 5 3 11II

80 •• 6 6 6 6 6 8 6 6 8 B B B 6 6 7 7 7 7 7 3 III
88 -.. 6 Il 8 6 B B 6 6 6 B B B 6 6 6 7 7 7 7 5 III

18 known points, closest diverge at 80°

Fig. 53 Feature recognition overview for the industrial object (fig. 19).

from -88 to +88 degrees, with 8 degree intervals. Numbers inside a Iboxl enumerate posi
tions of which the global features are known beforehand. The other positions show a classi
fication towards the known reference point with the smallest feature-distance. Now,
according to the theory, for a position numbered with, say, x, perform the same movement

as though you would move from 00 to the origin. So, for example, at the position marked
with 'A' (classified as "5") move four steps to the left, for that's what you would do if you

were in ~' If you repeat this process, you will end up in the origin.
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Experiment: 2-parameter feature recognition

Starting at one of the IIIlIIIID positions , the method will fail. A trailing 11 after the num

ber means that the recognition is wrong; it'll move you away from the origin. A trailing II
means movement over the border of the chart, making it hard to trace the rest of the path.

An II is an other possibility, indicating a loop in the path. Numbers captured in I!ImIIII
inverted boxes are innocent victims of an erroneous recognition at a next step in the path.

As a strategy to determine useful positions of the
known points, a number of them were initially placed at
exponentially increasing distances on the axis (fig. 54),
with each quadruple expected to be recognized in the
area indicated. Thereafter, a simulation was done that
showed where some extra 'known points' were needed,
which were added manually. The industrial object need
ed only two of them (points 17 and 18 in fig. 53).

y

;
i

Fig. 54 Initial known points and
the expected regions they cover.

(6)

The industrial object has a rotation symmetry of 180
degrees, so the maximum size of a convergence regions
is 90 degrees (rotation in any direction). In fig. 53, the
'closest diverge' location is 80 degrees away from the
origin. This is considerably better than the 24 degrees
obtained by gradient methods (fig. 39).

The size of the diverging regions on the left and the right (in fig. 53) can't be gracefully
diminished. They represent the object's rotation symmetry of 180 degrees. This limit can
be approached, at the expense of an asymptotically increasing amount of extra known
points, which has not been attempted here.

To study the effect of image distortion (like noise), simulations were conducted with fea
ture deviations. For this purpose, the distance measure was redefined to yield a range,

D(fA,fB) L I f A .- f B .1- 5 ,with 5 in [O,N]
. 1 1
1

so the distance can be disturbed by an amount N. For each point in the feature space, there

can now be several candidates to be the 'closest known point'. The noise figure N can be

interpreted as N pixels difference in one center of gravity component, lOON pixels differ
ence in an area component, or a combination of them. Note that global features have a natu
ral averaging effect, so a lot of noise is needed to influence them. In the simulation, if one of
the candidate recognitions could lead to a diverging situation, the rating was labeled nega
tive (diverge).
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Experiment: 2-parameter feature recognition

Fig. 55 shows a simulation for the industrial object, with a noise factor N=25. In the chart,
the worst case recognition is mentioned at each point. The small blocks ( •• ) above the
numbers indicate the number of extra possible recognitions.

<p--'<p h -88 -80 -72 -64 -56 -48 -40 -32 -24 -16 -8 0 8 16 24 32 40 48 5664 72 80 88

~ -;8 II1IEfE iii 28 i3 ig 22 16 16 i4 16 16 12 16 16 16 3 7 7 3 7 5 5

-80 iii ill • 18 18 13 16 16 16 16 16 16 16 16 16 5 7 5 5 7 5 12 iB
-72 •• ii 28 19 18 14 16 18 16 16 16 16 16 16 3 7 5 5 5 14 5 5

-64 iii ill ii 19 13 19 14 16 14 16 16 MI 16 16 16 16 5 7 7 14 14 12 5

-56 •• ill 28 13 19 22 7 18 16 16 16 16 14 22 7 5 5 7 3 7 5 22

-48 ••• 18 18 13 14 19 18 14 16 14 14 12 14 14 14 14 14 7 5 1 1

-40 •• ii 28 19 18 14 19 18 18 14 14 14 14 14 12 3 12 12 5 7 5 •

-32 iii ill ii 19 13 19 18 13 18 18 i8 I!!l 14 14 5 1 3 12 3 7 7 1 •

-24 ... ill 28 13 13 19 14 19 18 18 14 12 12 12 12 3 7 7 3 7 7 •

-16 iii •• 18 19 19 i3 13 ig ~ i2 ~ 12 12 5 5 7 5 5 7 3 5 5

~ •• ii~ ~ ~ ~ ~ ~~ i2 ~ ~ 1 3 3 7 5 5 5 7 1 5

o •••~ i"g 28 13 ~ ~ IllI ~ I!J [] 5 ID 5 7 7 ID 5 7 5

8 ••• 15 28 19 13 28 11 21 Il!lID 22 ~ 22 7 5 5 7 7 3 1 ill
16 IIfII ill • 4 22 4 2 11 21 21 2 ID 22 4 6 22 7 5 5 7 5 12"

24 iii ii. 22 28 1 28 6 11 21 6 6 22 1 6 6 6 6 7 1 1 12.

32 .... 4 1 13 6 13 6 6 6 ~ 6 6 5 8 6 6 4 22 1 12"

40 ii .. ii 2 13 6 6 6 6 6 6 6 6 8 12 8 8 6 4 22 1 12.

48 ...iii 6 6 6 6 6 6 6 6 6 8 8 8 6 6 6 4 7 1 12 IIIll
56 iE•• 6 6 6 2 4 6 6 8 8 8 8 6 6 6 6 22 7 1 1 III
64 iE•• 6 6 6 6 6 8 8 8 iJ 8 8 6 6 22 22 3 1 1 12 liD
72 1Ia•• 6 6 6 6 6 8 8 8 8 8 8 6 6 6 22 5 3 3 1 III
80 ••• 6688668888886675225111I

88 ••• 66888666888864227553.

22 known points, N = 25

Fig. 55 The effect of feature deviations for the industrial object.

Four extra known points (points 19,20,21,22 in fig. 55) were added to regain good results
with the extra noise. The diverging regions on the left and the right, representing the 1800

object symmetry, became larger because noise makes it easier to confuse an image with
its twin relative. When N gets above 25, the small object parts responsible for
1800 symmetry are dominated by the noise, and the convergence region rapidly shrinks.

The behavior of the feature recognition method and the effect of image distortion will now
be discussed for the five other objects. Convergence charts (like fig. 55) will be given to
highlight the most characteristic situations. The number of known points was kept relative
ly low to keep the effect of each extra known point on the recognition process clear. In all
cases, the size of the convergence region can be increased by adding more known points.
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Experiment: 2-parameter feature recognition

<p CPh~8 -80 -72 -64 -56 48 40 -32 -24 -16 -8 0 8 16 24 32 40 48 56 64 72 80 88

~~ .
~ ~~ ..•.....
-72 • •••• 21 16 16 18 16 ••••••••

-64 •••••••••~~~~~•••••••••

-56 •••••••••••••••••••••••
~ •••••••••~nnnnn••••••••
40 ••••• 21 21 21 22 22 14 14 14 22 22 22 •••••••

-32 •••• 14 21 16 21 5 18 14 lW 14 14 3 ~ 28 7 ••• 5 •

-24 ••• 14 17 21 21 13 5 18 12 14 17 14 4 22 22 ••••• 28

-16 ••• 15 12 14 13 13 11 18 18 ~ 12 14 19 22 22 28 ••••11I
-8 •• 18 15 18 13 13 13 11 11 18 l!ID 18 18 l!ID 18 5 28 •••• 7

o •••~ 15 13 13 ~ 11 lUI [] ID [] 3 ID 5 @I 28 [] 7 7 7

8 •• 2 15 15 13 13 13 13 11 2 IlJ 17 Ill] 4 17 28 28 •••••

16 ••• 15 4 18 21 21 11 2 13 [] 4 ~ 19 23 23 ••••••

24 ••• 11 11 21 21 21 19 2 4 11 19 6 6 23 23 7 •••• 28

32 •••• 21 21 Ill] 21 5 4 6 ~ 6 6 6 ~. 7 ••• 5 •

40 ••••21 21 21 21 23 23 6 6 6 23 23 23 •••••••

48 ••••• ~u••~~~~~~••••••••
~ ••••• 22 •• ~ •••7 7 ••••••••

64 ••••• 4 •••88~8 8 •••••••••

n ••••• 6 •• ~ ••8 88 8 ••••••••

W ••••• 6 •••••••88 ••••••••

~ .
23 known points, N =0

Fig. 56 Feature recognition for the cube (fig. 16)

Although the convergence area for the cube (fig. 56) is slightly better than with gradient
methods, it heavily suffers from the high object symmetry. This gives the algorithm abso
lutely no clue which of the symmetrical positions should be chosen, resulting in a conver-

gence region size of about 45°. But, if the user doesn't care about symmetrical positions,
all initial configurations will probably converge. The convergence region can be shifted
around somewhat by moving the known points, giving the algorithm a tendency to search
for the desired locations in a given direction.
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Experiment: 2-parameter feature recognition

<p <Ph~8 -80 -72 -64 -56 -48 -40 -32 -24 -16 -8 0 8 16 24 32 40 48 5664 72 80 88

~~ ..........••~ .
~ •.......~•.• ~ .
-72 ••1IE1II.1II••••• 16 i2 ••••••••••

-64 .~•••••••••~~ ••••••••••

-56 .. 17 15 15 15 1 3 3 1 16 1 18 i4 ••••••••••

-48 13 13 13 11 13 17 1 13 17 1 14 12 12 i8 •••••••••
-40 13 13 11 13 13 13 13 13 12 18 17 14 14 18 6 7 ••B ••••
-32 11 11 13 i1 11 11 11 11 13 18 i2 l!!l i2 II 3 18 18 5 5 i" B ••. - - .-24 15 13 13 13 13 11 11 11 11 11 18 18 14 18 6 7 18 17 18 6 •••

-16 15 15 15 13 13 13 13 11 11 g g ~ llll II 3 3 5 7 5 i" •••
-8 15 15 15 15 13 13 13 13 II 11 II InI i i 3 1 5 7 5 7 3 .II!
o 15 15 15 ~ 15 13 13 lllI i3 Illl liJ I!J @] 3 [] 7 5 5 lD 7 5 Iii
8 15 15 15 15 15 5 5 13 1 11 II [[] 1 5 5 7 18 18 18 5 5 7 7

16 4 11 15 15 15 5 18 13 4 11 II [] r 5 18 18 18 3 1 5 7 ill iii
24 1 II g 15 15 18 15 18 1 6 II II 1 18 ~ 18 18 18 18 7 18'" ill
32 8 8 8 8 8 18 18 8 II 11 6 ~ 6 18 18 18 18 18 5 18 i8 II •

40 8 8 8 8 8 8 8 8 II II II 18 II 18 II 7 18 II 18 II II II II

48 8 8 8 8 8 8 8 8 8 II II II II II II 8 8 8 8 8 •••

56 8 8 8 8 8 8 6 II II 4 8 8 8 8 8 8 8 8 8 8 8 ••

64 888 II II II II II 8 8 8 ~8 8 8 8 8 8 8 8 8 8.

72 II II II II II II 6 2 8 8 8 8 8 8 8 8 8 8 8 8 8 8 8

80

88

Fig. 57 Feature recognition for the M-shape (fig. 17)

The M-shape looks almost the same from above and beneath; the three distinguishing
parts are not clearly visible. So the perspective projection causes an almost ambiguous sit
uation. We can only choose which of the two situations we want to converge. In the con-

vergence map (fig. 57), this results in a limitation of the convergence region in the <Pv direc

tion.
But, in this case, we could detect being in one of the ambiguous relative locations, and
force the camera to move away from it before continuing, in order to get a better view.
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Experiment: 2-parameter feature recognition
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••• i4 - ..
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III•• 15 - 14 21.56 13 12 12 21 III III III 19 7 5 18 18 18 18 18 18 18

48 ii •• III 14 14 21 14 III 14 14 14 18 29 29 29 18 UiI 18 18 18 18 5.ii 11I15 - 18 1840 13 21 21 12 12 14 III 14 12 29 29 18 18 18 18 18 18

-32 ._1II111 14 21 21 21 21 12 14 [l!J i2 ~ 29 29 29 18 18 29 29 29 .-

••• 18 21 1llJ 21 - - ---24 18 13 14 19 19 18 29 1 5 1 18 3 1 5 18 1

•• 15 - i9 lllJ 18-16 15 15 5 4 13 13 19 5 4 7 5 7 5 5 3 1 1

.15
0 - i9 UiI i2

0

III-8 15 15 15 13 13 11 14 19 12 3 5 7 5 5 7 3 5

0 • 15 15 ~ 15 19 13 lllJ 9 lllIliJ lD [] 3 1D5 5 7 1D7 7' •
8 •• 9 9 13 9 13 is l!ID 19 i9 ID 2 2 7 5 7 5 5 5 7 2' •
16 lIaa i32 19 4 19 2 19 4 1D4 4 3 7 3 3 5 3 22 ••

.iil17 g-
o 0

22 22 III24 9 3 19 4 19 4 19 II II 4 6 6 6 4 22 22

32 .. 17 lllI 17 19 19 19 4 4 II II 1§J6 6 II 8 22 22 22 22 22 22"

40 .17 17 17 19 4 19 8 II 6 II II 6 8 22 22 22 ~ 22 22 22 ••

48 .a••s 6 6 6 II 6 6 6 8 II 3 22 22 22 22 22 •••

56 •••iII6 3 II 6 II II 8 II 8 8 22 22 22 BIIIII•••
64 11I.- _11II6 6 6 II 8 8 1§J6 8 II 1I.lIiiiliII· ••
72 ..... 6 II II II II II 8 8 II 4 1II••·8ii •••
80 •••• 6 - .11·11_11I11I·11II 6 8 4 8 4 8 6 6

88 181•• _ 6 II ••1a6 4 6 4 iiiiii ••• _ ••••

22 known points, N=70

Fig. 58 Feature recognition for the blocks (fig. 18)

Even with a very high noise figure of 70, the recognition of the blocks (fig. 58) goes very
well. Note that even when the picture degenerates at (-40,-32) (the blocks in the back

are hidden) the method works, for this situation is simply foreseen by the nearby point no.

[2]. Looking from a location above the blocks (cp =60°), there is an almost 90° symmetry.
v

If no more 'known points' are available, it limits the convergence region in the CPh direction.

So, adding known points like 122 immediately enlarges the convergence area in its neigh
borhood.
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Experiment: 2-parameter feature recognition
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0 13 15 15 ~ 15 15 13 ~ i3 Illl ~ IiJ @] 3 ~5 7 7 [IJ7 7 7. ID ~ i9 38 9 13 15 15 9 13 13 13 9 9 9 3 5 5 5 7 7 7 7

16 9 11 9 11 9 19 9 19 9 19 isl!Ji" 1 1 1 19 5 7 IIIlInlm.
24 15 11 5 13 21 13 13 13 6 6 2 2 19 1 29 ~ 29 29 29.iDE.

32 is .13 13 21 21 21 4 2 2 2 ~4 4 4 6 8 6 4 iii ii -III
...... 21 21 ~ B

.
2' .....40 19 4 6 6 4 4 4 2

48 ........ 21 B
. ......2 19 29 29 29 4 29 6 6 6

56 ............ 6 29 8 8 8 8 8 8 8 ••••
64 ...........8 1!J8 8 8 8 8 8 8 8 •••72 ...........8 8 8 8 8 8 8 8 8 8 iilll•
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21 known points, N =40

Fig. 59 Feature recognition for the spheres (fig. 20)

On the lower half of the chart in fig. 59, two regions diverge, due to symmetry introduced by
perspective projection; one sphere hides behind one of the others (fig. 60). This limits the

convergence region in the <Ph direction to the perceived 60° symmetry.

Hiding sphere

Fig. 60 Symmetry due to projection.
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Experiment: 2-parameter feature recognition

<p-.
<p h -88 -so -72 -64 -56 -48 -40 -32 -24 -16 -8 0 8 16 24 32 40 48 5664 72 80 88

~-:8 •••••• 28 16 13 14 14 16 16 16 1B 1B 1B 7 •••••

~ •••••~~~~~~~~~~~~7•••••

-72 ••••• 28 28 13 16 16 16 16 16 16 5 5 7 19 •••••

-64 •• 28 28 28 28 ~ 16 16 16 16 ~ 16 16 3 21 21 21 21 21 21 21 21

-56 17 28 13 28 28 28 28 16 16 16 16 16 2 21 21 21 21 21 [g!] 21 21 21 21

-48 9 17 11 28 28 28 28 16 16 16 14 14 14 14 21 21 21 21 21 21 21 21 21

-40 4 17 6 6 28 5 1B 16 14 14 14 14 14 5 1B 1B 1B 21 21 21 21 21 21
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-24 6 22 14 15 12 1B 22 14 13 14 14 14 12 1B 1B 1B 1B 1B 1B 1B 1B 1B 7
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48 6 6 6 6 6 6 B B B B B 6 6 6 19 19 19 19 ~ 19 19 19 •

56 6 6 6 6 6 6 B B B B B B B B 19 19 19 19 19 19 •••
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~ .
22 known points, N = 0

Fig. 61 Feature recognition for the shuttle (fig. 21)

The large convergence region is a result of the shuttle's non-symmetric structure. Points

[ITL [20, and [2] are used to distinguish regions of high similarity, where a gradient method
would certainly be misled (fig. 42 and fig. 21). Noise can be raised to about 40 without sig
nificant performance loss. Above that level, the cockpit, the wings, and the tail part start to
resemble.
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Experiment: 2-parameter feature recognition

Additional experiments showed that there is no significant different outcome for positions
between our measurement points, so the grid has sufficient density. In practice though,
convergence verification would be more efficient if we start with a coarse initial grid, using
the technique described in section 2.2.2, to add refinement where necessary.

The divergence in the experiments can all be explained by ambiguity caused by object sym
metry or 3-d space to 2-d image projection. The image to feature mapping has not shown a
single sign of singularity! Given the research constraints, this 2-parameter global feature
recognition scheme seems to extract sufficient information available in the picture.
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Experiment: 3-parameter feature recognition

2.2.4 Experiment: 3-parameter feature recognition

The promising results of the previous experiment triggered the extension of the method to

solve three location parameters. The calculation of the p parameter, by means of a longest
axis like feature, the most complicated computation needed, could then be replaced.

Therefore, the same features as in the previous experiment were computed for (<Ph'<Pv'P),

with each component ranging from -88° to +88°, in a 8° grid.

The results are not presented in detail, because it was clear that the features extracted
from the four quadrants do not contain enough information for reliable recognition; the pic
ture to feature mapping contains too many ambiguities.

This should be interpreted as an incentive to search for more or better global features.
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Conclusion

4 Conclusion

As could be expected, objects are allowed to have curved surfaces and complicated struc
tures. The image may be obtained by perspective or even non-linear projection, but the
methods are confused by unexpected objects in the image.

The processes of robot positioning, camera location calibration, and object location mea
surement can be converted to a pure scalar function minimization problem by expressing
the dissimilarity between an variable and a desired image as the area of their modulo-2
subtraction. For dedicated objects, this yields a high accuracy, limited by a fraction of the
camera resolution. But simulations for the five other test objects showed that the 6-param
eter minimization does not correspond with the assumptions residing in heuristics of the
well known minimization algorithms. This situation could be improved by regulating three
parameters directly by geometric rules, and using some specific function shape assump
tions for the other three. Experiments showed that maximum relative object rotation devia
tion is about half the angle between orientations with high similarity. Experiments showed,
that the algorithm is distracted by more similarities than just those resulting in equal pic
tures (e.g. due object rotation symmetry). An average 35 degrees rotation around any axis
was tolerated for our test objects.

Four areas and four centers of gravity in each of four quadrants were used in an experiment
with global feature recognition. For the case of robot positioning, a method is described to
obtain an enormous data reduction concerning the number of location-feature relations that
have to be stored. An experiment using this technique for two degrees of freedom (the oth
er 4 determined by geometrical rules) showed that the features extract enough information
to fmd the correct location parameters, whenever possible by single silhouette analysis. In
contrast with the previous method, it allows the robot to quickly follow a smooth path
towards its destination and halve the relative location error for each analyzed picture. Sim
ulations showed that the recognition is not easily misled by image distortions (like
noise). The features gave not enough information to recognize three location parameters.

The results of the experiments shows that it is very well possible to compute relative loca
tions from global features of multiple pictures, without precise recognition of object parts.
In case of robot positioning, this visual feedback reduces deviations in the rest of the con
trolloop.
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Appendix A: Alternative rotation

Appendix A: Alternative rotation

The algorithm used to transform three consecutive rotations to a single, alternative one, is
listed below. The procedure is written in Popll [26]. The alternative rotation axis is given
by (kx,ky,kz). All angles are in degrees. A detailed analysis of the algorithm is given by
Paul [17].

define alcrotation(cph,cpv,p) -> alcangle -> kx -> ky -> kz;
vars ccph,cq>v,cp,scph,scpv,sp,nx,ny,nz,ox,oy,oz,ax,ay,az;
vars cos_theta,vers_theta,switeh;
if (cph=O and cpv=O and p=O)
then 0 -» alcangle -» kx -» ky -> kz
else

cos(cph) -> ccph; cos(cpv) -> ccpv; cos(p) -> cp;
sin(<ph) -> s<ph; sin(cpv) -> scpv; sin(p) -> sp;
ccph*ccpv -> nx;
scph*ccpv -> ny;
-s<pv -> nz;
ccph*scpv*sp-scph*cp -> ox;
scph*scpv*sp+c<ph*cp -> oy;
cq>v*sp -> oz;
ccph*scpv*cp+scph*sp ->ax;
scph*scpv*cp-ccph*sp ->ay;
ccpv*cp -> az;
(nx+oy+az-l)/2 -> cos_theta;
1 - cos_theta -> vers_theta;
arccos(cos_theta) -> alcangle;
if nx>oy then

if nx>az then "x" else "z" endif
else

if oy>az then "y" else "z" endif
endif -> switch;
switchon switch =

case "x" then
sign(oz-ay)*sqrt«nx-cos_theta)/(l-cos_theta)) -> kx;
(ny+ox)/(2*kx*vers_theta) -> ky;
(ax+nz)/(2*kx*vers_theta) -> kz

case "y" then
sign(ax-nz)*sqrt«oy-cos_theta)/( I-cos_theta)) -> ky;
(ny+ox)/(2*ky*vers_theta) -> kx;
(oz+ay)/(2*ky*vers_theta) -> kz

case "z" then
sign(ny-ox)*sqrt«az-cos_theta)/(l-cos_theta)) -> kz;
(ax+nz)/(2*kz*vers_theta) -> kx;
(oz+ay)/(2*kz*vers_theta) -> ky

endswitchon
endif

enddefine;
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Appendix B: Further research

Due to the time limitation of this investigation, many promising ideas could not be investi
gated in depth. They were not mentioned before to avoid overloading the reader with too
many possibilities in the middle of the text.

• For the global feature recognition method, an other selection of features might lead to
improved behavior.

• When global features are available at more than one relative location, they can be differ
entiated with respect to this location in order to yield new parameters that might contain
additional information. Differentiating global parameters with respect to location changes
may create additional useful input features.

• In this report, all global picture features were computed inside a rectangular area. Other
kinds of regions may also yield useful features. A real-time raster to quadtree converter
[6] may be useful to compute these features without significant delay.

• When the object-camera location can not be changed, a geometric modeler is used to
create virtual images. Since only global features are extracted from the image, a simple
polygon description of the image will do. This allows the modeler to generate 'image'
very quickly.

• If a geometric modeler is used, it often has to generate picture descriptions of only slight
ly changing camera-object relations. Therefore, it might be very useful to create an
'incremental modeler' that doesn't compute each image from the scratch, but evaluates
the effects of changes. This might lead to a considerable reduction in computing time.

• If an object is damaged (in spite of the research constraints), the algorithm will probably
not converge. This can be detected, though, so an exception program can be activated.

• The 3-parameter feature recognition method doesn't get enough information from four
areas and four centers of gravity of picture quadrants. There might be other or additional
features that enable this method to function.

• When feature recognition is used in combination with robot controlled camera movement,
new pictures can also be taken and analyzed during a move. This gives a different con
vergence behavior, and could lead to shorter converge times.

• If measurement precision is important, 'simulated annealing' techniques may overcome
the barriers introduced by pixel rounding. An incremental modeler (mentioned above)
would be extremely helpful in this case.

• A dedicated gradient method might be constructed to cope with the specific difficulties
encountered in our minimization experiments.
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Appendix 8: Further research

• In the methods described, subsequent iteration use the same features as input. But, it
might be possible to use a more complicated method that selects its features by analyz
ing previous features and experience from the past This could lead to "intelligent"
search strategies that try to minimize the convergence time. Alty and Coombs [23]
described an expert system that performs such a task for the related problem in the field
of mass spectrometry.

• The methods described can be combined with object classification. Additional global
image features may recognize the current object, as well as a direction to move to. The
previous idea might be useful here to select input features from a large set by means of
reasoning about the set of known objects.

• Although the mapping of physical objects, via image projection, to global parameters is
complicated, some comprehensible regularity is available when the object consists of a
set of flat surfaces. A single piece of flat surface creates a c*sin(x+b) -like area on the
picture when it rotates. This should be reduced by the fraction hidden by other surfaces.
Therefore, it seems reasonable that in each generic-view-cell [15], global features can
be composed of local sine-like descriptions. If an efficient search algorithm can be made,
this exact mapping representation could outperform the iterative processes mentioned in
this report; it can find the desired location by observing only one picture.

• A dedicated object could be constructed to enable measurements with accuracies in the
micrometer range. This may be a flat object obtained by photographic techniques.

• The methods described can be used for robot calibration purposes. The surrounding of a
robot may be marked with accurately positioned objects, so the robot arm (holding the
camera) can be sent to an exact, absolute location. This can then be related to the
robot's joint positions.

• Isn't it a waist to decompose a picture into tenthousands of pixels, and then integrate
these into a few global picture features? Couldn't it be possible to use a few light sensi
tive elements instead.

• Some possible applications outside this field: alignment of I.C. masks, lithographic align
ment of color prints, accurate storage of locations, picking up satellites in space, naviga
tion with implicit input values

• Cooper and Shepard [18] found that humans match known objects with obselVed pic
tures by 'mentally rotating' the object. Given the similarity with our methods, it might be
interesting to scan the literature to find out if information is available about why humans
mentally rotate an object in a certain direction. If these stimuli are easily computable,
this might lead to a more efficient optimizing strategy.

• It is possible to allow unknown object parts to appear in the image, as long as they don't
'touch' the target object in the projection. Labeling techniques are available to separate
non-contiguous regions in an image [6], so the unwanted parts can be removed before
feature calculation takes place.
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Appendix B: Further research

• In case of robot positioning, the output of every iteration is an instruction to move the
robot, presented in the (8h,8v,<Ph'<Pv,P, A) coordinate system. This representation
needs to be converted to robot joint coordinates. Paul [17] shows that calculations of
changes in location can be calculated much faster, but at the expense of second order

approximation errors. Since in our application we only need accurate positioning when

making small movements, these errors can probably be tolerated in our application.
• In case of robot positioning, the robot is instructed to move around the target object. But

during this movement, we don't want it to collide with other objects. If this might occur,
there should be a description of the free space available, along with an algorithm to avoid
other objects during movements. Engel and van Tuijl [8] constructed such a system,
using binary images from one or two global cameras.

• In the feature recognition method, distances to points in the feature space were used to
calculate a new move. A further reduction in storage space can t>cr obtained if the dis
tance to line-segments in used. It involves computing the closest line segment in the
feature space, and the closest point on this line. The movement in the location space can
now be a linear combination of the actions corresponding to each of the two end-points
of the line. Naturally, this methodology can be extended to planes and hyper-planes. It
may make the high density of known points near the origin (desired location) superflu
ous. Since, if an approximation of the derivative of features is known near the origin, the
optimization acts like an extended Newton-Ralphson algorithm[24].

• Camera location calibration and object location measurement were excluded from the fea
ture recognition method because the position of the 'desired location' is not known
before the measurement takes place. If an approximation of the derivative of features
with respect to location change is known, the system will work. Fig. 62 shows such a

Desired
feature

Desired location
Location parameter ---.

Fig. 62 Feature recognition for any desired location.

situation for one location and one feature parameter. 'Known points' store combinations
of x and y; if the feature is y too high, move x to the left. This rule still works if we take a
different desired location, as long as the derivative doesn't deviate too much. Naturally,
the previous idea presents a more efficient way of storing the derivative.
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Appendix B: Further research

• A description of the location-features relations can be modeled efficiently by interpola
tion techniques, for example Bezier Curves [5]. Given a set of known points, the interpo
lation is computationally simple to compute. If an efficient method can be found to com
pute their inverse, it could be used as a more accurate and more compact data structure
for feature recognition.

• The accuracy of the minimization method is given in pixel units. This should be converted
to physical accuracy in terms of rotation and translation of objects. The object shape
strongly influences these values.

• Many objects have only a few stable positions when resting on a flat surface. If the par
ticular stable position is known, this can be used to reduce the number of degrees of free-

dom in our optimization problem. In this case, optimization of (A,9h,%) will do, result-

ing in a one dimensional recognition.
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