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Abstract

The thesis  presents a visual position measurement system that
allows an Automated Guided Vehicle (AGV) to recover its absolute
position anywhere on a pseudeo-random encoded guide-path. It s
based on the "window property” of pseudo-random Dbinary
sequences. The guide-path consists of an (27-1) bit long encoding
pseudo-random binary sequence marked on the floor us a sequence
of geometric binary symbols ('E' for the binary value 1, and 'H' for
the binary value 0). A long portion of the encoded guide-path has to
be visible to the camera mounted on the AGV. in order to provide
enough information to recover the n-bit pseudo-random window
attached to any point in the field of view. The binury contents of this
window uniquely identifies the absolute position of the encoded
point. Image analysis and pattern recognition algorithms have heen
developed for the visual recovery of the pseudo-rundom window.
The image processing essentially consists of the following steps:
thresholding of the original image. boundary tracing each object in
the image. polygon approximation of each bounduary. extructing
vertices and corners from each polygonal contour. and ftinally binary-
symbol recognition by tree search. An original implementation of the
split and merge polygon approximatibn results in an improvement of
the run-time performance of this algorithm. An experimental vision
svstem was implemented to test its performance for AGV uabsolute
position recovery applications.
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CHAPTER !

INTRODUCTION

Material flow management is recognized today as one of the
fundamental problems of the modern automated factory. A new
more flexible asynchronous material flow approach has been
developed as an aliernative to the traditional synchronous assembly
line organization. This new approach largely makes use of the
" Automated Guided Vehicles (AGVs). They are driveless carriers
employed on the factory floor as mobile production platforms tor
material transportation.

The underlying paradigm in AGV systems involves the
repeated application of the perception-planning-action (PPA) cycle.
Each element of the cycle is a specific area of research. The
importance and degree of elaboration of element of the PPA cycle
differs from one application to another.

Nevertheless. today. perception techniques attempt to provide
intelligent ( providing the maximum amount of information). robust
and reliable interpretations. Beginning with the analysis of a single
object in the work environment, researchers have been increasingly
studving cluttered environments and partially occluded objects and
upgrading robot intelligence using multiple visual and nonvisual
sensors (data fusion). ' '

The essentizl requirements of sensing devices consist of:
- production of intelligent environment descriptions after

sensed data processing:
- easy and fast processing of the sensed data.



Low level imuage processing routines are usually time
consuming. However, recent developments in image processing
hardware. as well as software, made real time visual applications
realizable. Visual applications in robotics have increased gareatly
during the [last decade. Problems concerning visual guidance and
obstacle avoidance. for instance, have been subject to  intensive
research.

Range data is important in AGV navigation. [t provides
information about the vehicle's environment and is useful for
avoiding obstacles. As far as vision is concerned, only triangulation
methods and structured 'light patterns have been used for direct
range measurement. These methods require no information about
the object shape.

However.. the recent development in patiern recognition and
image analysis has made range measurement using monocular vision
possible. The object’'s range 1is estimated by considering the
perspective deformations the object's image has been subject to. This
method, called the inverse perspective technique. reguires the a
priori recognition of the object and its reference to a specitied model,
In ‘general, the method is indirect and estimates the object range
using an iterative least square algorithm.

Obviously inverse perspective methods require more
processing then 1iriangulation or structured light techniques.
However. they provide more information since they estimate the
pose (position orientation and scaling estimation) of the object.
Unlike stereo vision and structured light techniques. monocular
vision can not be used in an unknown environment and drawing
eccupancy grids. using monocular vision, is impracticablie.
Nevertheless, it has been successfully employed in visual guidance
applications such as road and path following lDick9d]. In such cases,
the object to be recognized, the path, is well defined and its model
can be easily generated. '



However. few results for the problem of AGV position
measurement have been produced. Most systems presently rely on
indirect techniques, such as "dead reckoning”. in order to determine
their position. Other techniques use optical docking and bar-code
libeling of :;pecially designed locations. In this case. a limited
number of reference points can be used.

An original guide-path encoding technique. based on the
window property of pseudo-random binary sequences provides an
efficient alternative for AGV position measurement. Pseudo-random
binary sequences have the property that each n consecutive bits
form a unique pattern and may be used to fully identify the AGV
position on the guide-path.

The first applica'tion of PRBS in AGV navigation was presented
in {Petr89]. A sensing board containing optical reading heads for
guide-path tracking and abseclute position code reading attached 1o
the single steering wheel of the robot. The translation of the scanned
pseudo-random n-tuple into the natural representation (rank of the
n-tuple in the sequence) was done sequentially. From the point of
view of processing time, this system performs well. However, an AGV
with such a minimal (1-bit) depth perspective of its environment can
provide only limited navigation abilities.

_ Qur research deals with the development of a visual system for
AGV navigation in a pseudo-random encoded environment [Kha90].
The system proposed is similar to the one presented in [Petr89]. Two
geometric symbols (‘E' and 'H') are used to represent the two binary
numbers ‘0" and 'l'. These symbols are put on the floor in such a way
thev constitute a guide-path for the AGV. A camera is mounted on
the vehicle and is constantly oriented to the guide-path. Every time
there is a need for absolute position measurement, a snapshot of the
path is taken. The image obtained is processed in order to recognize
and locate each code appearing in the image. n successive binary
codes are grouped together in a pseudo-random binary window . The
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resultant n-tuple uniguely identifies the AGV position on the guide
path.

From the viewpoint of navigation, the use of a camera to read
the pseudo-random codes has the advantage of offering a wide view
of the navigation path. This permits reconstruction of the 3D profile
of the path in front of the vehicle. By solving the inverse perspective
for each binary code in the image, a 3D profile of the path can be
estimated. Slopes and turns along the track can be estimated well in
advance to enable speed adjustment.

In chapter Il general considerations in visual navigation as
well as absolute positioning are made. Also the proposed solution for
visual absolute positioning is described and finally a quick review of
the pseudo-random sequence theory is made.

Two computer vision difficulties were encountered when
designing the system. The first is related to the AGV mobility and its
effect on the lighting conditions. The second is the result of a
dilemma between the guide-path encoding resolution and the code
recognition reliability. That is. the possession of a high encoding
resolution implies that the number of codes covered by the cameru
are also high. In such situations. the binuary codes. appeuring in the
image. are smull and therefore their recognition becomes mure
difficult. This dilemma was solved by turning to robust shupe
analysis algorithms. although they may be more time consuming
than other, more simple. techniques. The binary symbol shape
“analysis programs we have developed are described in chapter Il

Once the codes have been recognized. they are grouped
together in a pseudo-random binary window which allows for
absolute position recovery. In order to facilitate the binary window
positioning as well as the estimation of the 3D profile of the path in
front of the vehicle, the 3D position of each binary code in the image
i1s determined. Straightforward as well as indirect methods for 3D
binary code positioning are presented in chapter IV. Straightforward
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methods are used when a priori information about the plane the code
belongs to is available whereas indirect techniques use no such un a
priori information. The type of estimation employed by indirect
techniques is an iterative least square solution to the inverse
perspective problem, At each iteration the 3D position of the code is
refined using a singular value decomposition.

Chapter V describes the software implementation and presents
the experimental results. A number of interesting data structures as
well as recursive functions are employed in the feature generation,
the recognition” and the 3D positioning modules of the program are
described. The search strategy which permits tracing the 3D profile
of the visible path portion as well as locating the binary window
along the path. employing 3D position of each visible code, is also
described. Finally the experimental results illustrating the
functionality of the designed system are presented.



CHAPTER II

THE USE OF PSEUDO-RANDOM ENCODING FOR
VISUAL AGY NAVIGATION .

I1.1) INTRODUCTION

In this chapter a description of the proposed system for AGV
navigation is made. In section IL.2 a review of the existing visual
navigation systems is made. The importance of range measurement
for AGV navigation is discussed and a review of the existing visual
range measurement techniques is made: a particular mnphusis is
made on the use of monocular vision. In section IL.3 we discuss the
problem of absclute positioning using pseudo-random encoding und
discusses the system presented in [Petr§9). In section I[L.4 the
principles of pseudo-random encoding as well as the code conversion
algorithm 1is discussed. Finally in section II.5 we describe the
proposed solution and its basic principles.

I11.2) STATE OF THE ART OF AUTOMATED GUIDED
VEHICLE VISUAL NAVIGATION

Autonomous vehicles have been the focus of increasing
research and development effort. Applications such as remotely
operated vehicles, autonomous land, underwater, and space vehicles,
multiple interacting robots, autonomous systems for nuclear power
plant maintenance, diagnosis and repair. hazardous waste handling,
domestic robots and automated manufacturing have provided
additional impetus to the AGV systems research. This effort has been
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aided by significant developments in technologies such as VLSL
microcontrollers. reliable senmsing and microsensing, actuators.
computer hardware and software development environments.

Environment perception is an important component in AGV
navigation. The perception system should permit:

- fast sensory data processing (to satisfy real-time functioning
requirements” );

- intelligent sensory data interpretation.

Low level image processing routines, are usually considerably
time consuming; this is due to the fact that, during processing. every
pixel in the image has to be manipulated at least once. However,
there has been a considerable development in image processing
hardware: fast parallel processors performing low level image
processing routines are commercially available [Schm88]. Also. from
the software point of view. recently proposed serial implementations
of low level image processing routines have interesting run-time
performances |[Vliet§8]. Moreover, as far as machine intelligence is
concerned. a considerable development in visual pattern recognition
and image analysis has been made during the last decade. Monocular
and binocular vision. nowadays, have reached a high level of
technology.

For these reasons, visual applications to robotics and
particularly AGV navigation have considerably increased during the
last decade. Problems concerning the use of visual systems for range
measurement, obstacle avoidance and path following have
been subject to intensive research. |

The real-time functioning requirements are determined by the frequency at
which measurements have (o be made so that an adequatc functionning of 1he
system s assured.
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Range measurement is important in AGV navigation. Range
information can be exploited in a number of ditferent applications
such as vehicle mobility, path following and obstacle avoidance. 1wo
types of direct visual range measurement techniques can be
distinguished: stereoscopic [Nitz88] and structured light patterns
[Wax88] ranging techniques.

The stereoscopic ranging technique. also called the passive
triangulation technique, has been the focus of increasing research
during the last decade. This commeon ranging technique with ancient
Greek and Egyptian origins has historically been used in ship
navigation, 'surveying and civil engineering applications. Puassive
triangulation presents a simple trignometric method for calculating
the distances and angles needed to determine object location. By
comparing features in two images of the same scene taken by two
cameras separated by a known baseline. one may determine the
ranges to these features from thelr measured disparities in a simpie
fashion. Stereo visual information has been widely used in 3D object
recognition and positioning [Kak88|. As far as AGV navigation is
concerned, stereo vision has been used for path following uand
obstacle avoidance [Thor88]|.

However, the major difficulty encountered in stereo vision, is
the so called correspondence problem: identifying features in the
right image which correspond 1o those in the left image. Sorting this
out computationally can be time consuming. One can alleviate this
problem by going to an active, bi-static triangulation system bused
on the concept of "structured light". One of the stereo cameras is
replaced by a light source which projects a known pattern of light on
the scene. The camera then images the illuminated scene from -a
different vantage point. The range information manifests itself in the
apparent distortions of the projected pattern. The spatial position of
a point is uniquely determined as the intersection of a straight line
with a plane, three planes, or as the intersection of two straight lines
within a plane.
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Estimating the range of each projected pattern, provides
information about the 3D surface of the object, hence the object
shape. Therefore object recognition can be performed using
structured light patterns. Again, one is faced with a correspondence
problem to solve, essentinlly to label the grid points in the imaged
pattern according to their coordinates in the projected pattern.
Several methods have been proposed to encode the grid in order to
allow for correspondence between grid points and their projected
patterns. Among these methods is the binary encoding technique
[Vuy90].

Structured light patterns permit construction of a topogrilphic
map of the robot's immediate environment [Wax88]; this map. also
called occupancy grid, is used for planning a path over the terrain
while avoiding obstacles.

While stereo vision and structured light patterns are the only
available straightforward visual range sensing devices. there ure
certain monocular methods which permit indirect range
estimation. In such techniques. range measurement is considered as
a parameter estimation problem. They estimate the six geometric
parameters that determine the position of an object in the 3D space
(pose: Position, Orientation and scaling' estimation). However to be
capabie of estimating the pose. it is necessarv to recognize the object
beforehand and 1o refer it to a specific model. Monocular vision. in
general, can be divided in two groups: the dynamic vision and the
static vision. In dynamic vision, which uses the so called spatio-
temporal approach. a sequence of images is used to analyze the same
scene, while in the static approach, a single image is considered 1o
describe a scene.

In dynamic vision, also called image motion, the 3D position
of an object is -estimated by considering a sequence of discrere
images taken successively. at a constant period of time. The optical
flow, or instantancous velocity field. assigns to every point on
the visual field u 2D retinal velocity at which it is moving ucross
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the visual field. If the object has been recognized and referred to a
model, using classical parameter estimation technigues (such as
Kalman filtering [Dick90]). the 3D position and velocity of this object
can be estimated. A clever application of image motion to automatic
visual guidance is the one proposed by Dickmanns er ! {Dick90]. The
Kalman filter approach to recursive state estimation is extended 1o
image sequence processing. The road profile and the eventual
existence of obstacles in front of the vehicle are estimuated
recursively from the available sequence of images.

In the case of static vision. the 3D position of the object is
computed by solving the inverse perspective problem. The
method is based upon. having recognized the object of interest,
evaluating the deformations. due to the perspective trunsformation,
that affected the object image. These deformations being dependent
on the relative position of the object and the camera. the 3D object
position can be estimated. Straightforward methods, such as the flat-
earth technique used in road following problems [Mor90]. use a
priori information about the object position to find the pose.
However, in the general case where no access to such information is
possible, only model based techniques which require the recognition
of the object beforehand can be used. Morgenthaler er af |Morg90]
use static images for automatic visual guidance. The 3D profile of the
road in front of the vehicle is estimated by solving the inverse
perspective.

Monocular visual raging techniques nowadays are subject 10
increasing research interest. Certainly. dynamic vision provides more
information and may be more robust than static vision, However, it
requires more time processing. We have chosen to use static
monocular vision for the system to be designed.
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11.3) USING PSEUDO-RANDOM ENCODING FOR
- AUTONOMOUS VEHICLE NAVIGATION

As mentioned above. the AGV visual guidance system to be
designed has to meet two requirements: ‘

1) automatic visual guidance using a navigation line, and
2) ability to measure at any time and location the absolute
position. ' '

The first problem is a classical path following problem. In
[Ishi88] and [Vey86] wwo different visual navigation techniques using
white line recognition were presented. The problem of AGV path
following is much similar to road following ({Dick90] and [Mor90]).
Among the requirements the path following system has o satisfy is
the possibility to reconstruct the profile of the 3D path in front of the
vehicle. Indeed, constructing the path over as !arge‘ a distance as
possible is profitable since the reconstructions from several vehicle
positions overlap. and can thus be combined for added reliability.

As regards the position measurement problem. little research
dealing with this problem has been made. Presently. most AGV
control systems rely on indirect measuring methods, such as “dead
reckoning”, in order to find their position. Since the errors
encountered in these methods are cumulative. the AGV may
eventually lose its position. Some attempts have been made 1o
compensate for this drawback by using either optical calibration
methods (optical docking and bar-code labeling [Hon87|. {Kab87]) of
specially designed locations |[Del81]. For economic reasons. ‘these
solutions are restricted to a limited number of a priori defined
reference points. .

It is a common approach to recover the absolute position p of a
vehicle following a guide-path by marking the full length of the path



and reading the particular mark corresponding to the current
position of the vehicle. This marking is usually done by writing a
distinct absolute code-word on each step of the paih. Of course, the
resulting number of code tracks increases proportionally with the
desired marking resolution us well as the desired guide-path length,
making practically impossible to use this absolute encoding method
for real-life applications.

An original guide-path encoding technique, based on the
properties of pseudo-random binary sequences (PRBS),
[Petr89], [Petr90] and {[Petr]. provides a more efficient alternative for
AGV absolute position measurement. This encoding technique solves
the position accuracy problem by allowing the AGV to recover s
absolute position at any point on the vehicle path. The method has
the advantage of requiring only ore bit of code per quantization
interval (see Sect. 11.4)., making AGV absolute position
measurement a practical feature even for very high resolution
applications.

Pseudo-random binary sequences are generated by direct
modulo-two feedback n-bit shift registers [Petr89]. Such a sequence
has the property that each n consecutive bits form & unique pattern
and may be used to fully identify the AGV position on the guide-path
(n is called PRBS order). '

The first application of PRBS to AGVs was presented in [1L.16].
Reflective-type optical reading heads for guide-path tracking were
attached to the steering wheel of the AGV. The AGV followed a
guide-path painted on the floor under the control of a puth tracking
algorithm implemented by software in the main robot controller. The
ubsolute-type encoding method employed required (wo
supplementary tracks along the guide-path. These two tracks were
1-bit wide each. one being used for the absolute position encoding
and the other for the synchronization of the position-code readings.
The translation of the scanned pseudo-random n-tuple into the
natural representation (runk of the s-tuple in the sequénce) was
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done sequg.mi:illy. The code track has had to be scanned bit bv bit
using a single reading head and the n-tuple was assembied
sequentially in an n-bit shift register. The sequential code conversion
algorithm was based on the idea that it is possible to find the natural
value of the AGV position by simply counting the steps which are
required for the scanned pseudo-random n-tuple in order to urrive
by successive “back-shifts” in the "zero-state” (see section IV).

The system proposed in [Petr89] is fast and robust. However,
an AGV with such a minimal (1-bit) depth perspective of its
environment could provide only a rather limited navigation ability.
For path planning purposes. we need to reconstruct the profile of the

largest visible portion of the path in front of the vehicle.

In the work presented here, we propose the use of a visual
system for an automated guided vehicle navigation in an pseudo-
random encoded‘environm‘cm. The system will use a camera 10
visually inspect the binary encoded guide-path (see  Schm83).

Two geometric symbols (E' and 'H) are used to represent the
two binary numbers 0" and "1°. These geometric symbols. are called
binary symbols. These symbols are put on the floor in such a way
that they constitute a guide-path for the AGV. The camera is
mounted on the vehicle and is constantly oriented to the guide-path.
Every time there is a need for absolute position measurément. a
snapshot of the path is taken. The distance of the camera to the floor
and the sizes of the binary symbols are determined by the fact that
at least 2n binary codes must be in range, where n is the PRBS order
defined above. The image taken by the camera is processed and the
codes appearing in the image are recognized and located. n
successive binary codes are isolated. thus constituting « pseudo-
random binary window (PRBW) that uniquely identifies the
AGV's position"(se,e Fig 11.3). The purpose of having at least 2n codes
in range is first to have a redundant number of codes visible to the
camera. second to allow for the reconstruction of a large portion of
the guide-path appearing in front of the vehicle.



Fig IL.1 AGV with guide-path on the floor.

Fig

I.2 AGV with guide-path on the wall.



This system has several advantages over the one presented in
[Petr89]:

1) Because the camera covers a large portion of the path,
one snapshot is sufficient to recover the absolute position
of the vehicle., while. in {Petr89]. the code-track is

scanned bit-by-bit.

2) no synchronization problems exist and not more than
one track is necessary, whereas in [Pew89] three tracks

were needed.

PO-1) . PG - .- P(0)
AGV fn —+ t
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_J
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ORIGL\T_ | POINTER
p

Fig II.3 Pscudo-random/naturai code conversion..

n
S@2 -2)
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AN
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3) unlike in [Petr89]. the orientation of the path is easily
determined (the orientation of the letter 'E’ indicates the:
orientation of the track), and no difficulties are
encountered when the moving direction is changed.
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4) a larger view of the track is available thus
conventently offering information about the 3D profile of
the path.

5) because most of the space in front of the vchicle is
visible to the camera, obstacle detection technigues. such
as the one presented in [Dick90]. can be employved.

6) unlike in [Petr89], it is not compulsory for the encoded
track to be on the floor; it can be put anywhere, as long
as it is visible by the camera. In figure IL3 we can see
that the rtrack is painted on the wall,

7) an extended 2D pseudo-random encoding can be
employed for position measurement [Will76].

From the geometrical point of view in the 1D pseudo-random

estimated well in advance to enable speed adjustment.

the 3D profile of the track in front of the vehicle -
can be estimated by determining the 3D position of each binary code
appearing in the image. Slopes and turns along the track can be

In the following section we present the most important. as far

as our application is concerned. mathematical properties of PRBS s

well as the code conversion algorithm proposed in [Petr89].

I1.4) MATHEMATICS OF PSEUDO-RANDOM
ENCODING AND CODE CONVERSION

I1.4.A) MATHEMATICS OF PSEUDQ-RANDOM SEQUENCES

Pseudo-random binary sequences, which are also caulled

pseudo-noise sequences, are deterministic strings of binury digits
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that have statistical properties similar to those of r'._mdo'm sequences.
A shift register consisting of n stages represents the binary memory
elements. At each time unit, the contents of these binary memories
are shifted one place to the right and the present value of the
feedback, R(n+1), is placed into the leftmost memory element (see Fig
114). The bits which are shifted out of the rightmost box represent
the values of an infinite binary sequence.

The feedback is performed using modulo two addition or an
exclusive or gate. Having: >

R(n+1)= ¢(n)R(n) @ c(n-1)}R(n-1) @ c2}¥RE)@Dc(1}R(1)

the determination of the array ¢ specifies the particular feedbuck
connections to be made with the shift register. A polynomial of
degree n can be used to define the feedback elements required for
an n-bit shift register:

R(0)= R(n) @ c(n-1). R(n-1) @ .. & c¢(1)L.R(1): R(0)
{ see Table 1).

A A AN
R(n) R(n-‘l)% R(k) % rR@) | R fe—

Fig 11.4 PRBS generated by a shift register.

f(x)= x0 +cpg- xM1 + ...+ ¢c3-x! +¢1-x0 (11.1y.
In order to to construct a PRBS sequence of length 2°-1, one needs .a
primitive polvaomial of degree n. For instance the primitive

polynomial in the case of n=4 is:

plx)= x4+ x +1 ' (11.2).
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Assuming the register contains aj+3. dj+2. Aj-t. 44, af time i, then at
ume i+l it CONLAns QAjsd. Aj+3. Q+2. Y with:

Qj+a= Qo1 @y ' : {11.31.

In order to produce the infinite sequence. it is necessary to
specify the initial values for agp. ay..... ap.1. Because each of the n-bits
of the. shift register can only be 0 or 1. there are 2" possible stwtes
which means that the infinite sequence ag. ap, a2... must be periodic.
Moreover. with modulo two or exclusive or feedback. the zero stute
0. 0. O.... cannot occur unless the infinite sequence is the trivial case
of all zeros.. The exclusion of the zero stare results in the maximum
possible period of a useful PRBS to be 2n-1.

Let pix) = fixed primitive polynomial of degree n. and
dn = the set consisting of the PRBSs obtained

from p(x) plus the sequence of 28-1 zeros.

If b=bgb; ... baRha is any PRBS in d, then any cyelic shift of b,

L
o
<

bjbjs1 ... baaby ... bj-y (11,43
is also in dn. This constitutes the so called shift property.

Moreover, if

n
p(x)=> hj xi : : (11.5).
i=0

with hj=0 or 1 for O<i<n. Now any PRBS b in 9, satisfies the
recurrence:
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bi+n= hn-1bj+n-1 @ hp2 bi+n-20 @ h1 bi+1 + by (11.6)

for i=0,1... . This is just a generalization of the feedback equation
which is obtained from the primitive polynomial and used with the
feedback shift register. '

If a window of width n is slid along a PRBS in dp, each of the
2n-1 nonzero binary n-tuple is seen exactly once. This so cailed the
window property follows from the fact that p(x) is a primitive
polynomial which is irreducible.

Of the PRBS characteristics mentioned above, the most
important to the position encoding technique for AGVs is the window
property. With such a sequence, each n successive bits form a unique
pattern; hence, may be used to fully identify the AGV’s absolute
position on the guide-path.

Shift Feedback for direct p.r.b.s. Feedback for reverse p.r.b.s.
ffglf,;;f R(0) = R(n) @ c(n-1) - R(n-1) Rn+1) = R(1S b(2)- R(2)
°“n= & ...@ c(1)-R(D & ...® b(n) - R(n)
4 RO} = R(#) @R R(5) = R(I) @ R(2)
5 RO) = R(5) @ RQ) R(6) = R(1) & R(3)
6 R) = R(6) @ R(1) R(7) = R(1)B RQ)
7 R(0) = R(?) @RB) R@8) = R(1) @ R(#H
3 R(0) = R(3) & R(%) R@O) = R(1) @ R(3)
@ RG) @RQ) @ R(4) @ R(5)
9 R0) = R(®) @ R4 R(10) = R(1) ® R(5)
10 R(0) =R(10) ®@R(3) R(11) = R(l) @ R($)
Table 1.

Another important feature of PRBS is the fact that there do
exist complementary primitive polynomials. The generiation of the
PRBSs has been such that the resulting sequence shifts out the right
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end of the illustrated diagrams for a given primitive polyvnomial. It is
also possible for a primitive polynomial to produce the same PRBS,
but this time have the feedback entering at the right end while the
output is being produced in the reverse order at the left end. Tuble |1
summarizes the required modulo two forward and reverse feedback
connections for shift registers with bit lengths from 4 w 10

11.4.B) CODE CONVERSION

A translation from the pseudo-random binary code into the
natural binary representation is always necessary tor practical AGV
applications. The code conversion methods that can be emploved
vary in the extent that translation is a serial and/or paraliet process.
A strictly parallel translation from the pseudo-random binary code
into the natwural position can be done using a code conversion table

stored in ROM. Obviously this solution is equipment expensive for
long PRBS:s.

A strictly serial translation exploits the reversibility of the
PRBS generating algorithm. This method is based on the idea that it is
possible to find the value of the AGV's position by simply counting
the number of reverse feedback shifts that it takes for the given
pseudo-random code to arrive back into the initinl code ftor the "zero
position”. In this case the solution is less equipment expensive but
more time expensive for long PRBSs.

A better solution to code conversion is a combination of the
serial and parallel methods. Consider a pseudo-random encoded
track where certzin positions (uniformly distributed with u period of
1) are employed as milestones. The code conversion for a general
position, p= m-t+1, where m-t is the position of the nearest down the
track milestone Q(m). All intermediate states of this serial shifi-back
operation are checked in paralle!’ against all possible milestone
pseudo-random patterns. Thus with this method the code conversion
of the -relative position r distance is found serially while the



27

milestone code conversion is done in parallel. This code conversion
algorithm is given in Flowchart IL.1.

Ipitialization
p=0;{R(k)=X{Kk)|k=n, ...,1};

reached milestone

Perform reverse feedback on R(k)
using equation from Table 1

|p=p+] |

Flowchart [I.1

11.5) GENERAL DESCRIPTION OF THE PROPOSED
' SYSTENi FOR AGV VISUAL NAVIGATION

As indicated in Fig 1.3, the hardware setup of the system
consists of a4 TV camera connected to a microcomputer which has an
image acquisition board as well as a code conversion board plugged
in. The video signal coming from the camera is loaded to the frame
board. Every time a snapshot is taken the image is stored in the
frame buffer of the frame board. The computer, which has access to
this image, performs a number of filtering as well as image analysis
operations as described below. The result is a list of binary symbols
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sorted in the order they follow =ach other on the guide-path. A
sequence of n concatenated binary svmbols (n order of the PRBS) on
the visible portion of the guide-path is extracted and the
corresponding sequence of n binary numbers {(pseudo-random
window) 1is supplied to the code conversion procedure. This
procedure returns the absolute position of the AGV along the guide-
path. The latter information together with the reconstructed 3D
profile of the guide-path in front of the vehicle are provided to the
steering controller which is responsible for AGV navigation.

The microcomputer used was 386 personal computer which
operates at a speed of 25 MHz (megahertz) and has a 4 MB
(megabytes) memory. The frame board is a "Matrox™ video frame
grabber-digitizer that has a resolution of 3512x312 pixels with eigiu
bits per pixel. Pixels can be individually addressed by the computer
using address registers or they can be addressed sequentinlly using
an auto-increment register. The address as well as the auto-
increment registers are accessed using the C language interfucing
commands. The code conversion board has been described in section
[1.4.2,

As regards the software part ( which was of our concern). it
involves three steps (see Fig I1.6): binary symbol recognition, 3D
positioning of the recognized symbols uand finally sorting of the
resulting list of binary symbols 'in the order they follow cach other
on the guide-path.

Binary symbol recognition consists of contour tracing cuch
binary symbol in the image (see II1.3.2) and approximating the
contour by polygon (see section I11.3.3) in order to locate corners in
the symbol. The symbol shape is recognized by comparing the
lengths .of the resulting polygon segments and checking certain
hypotheses (see section [11.4).

3D binary symbol positioning is necessary for binury window
positioning and for tracing the 3D profile of the track in front of the
vehicle,
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After the codes have been recognized and their 3D position
determined it is necessary to sort them in the order they tollow euch
other on the guide path. The method is based on finding the
neighboring binary symbols in the image. Once these are derermined
it becomes simple to sort the list of the binary codes in the order
they follow each other on the track.

1.6 CONCLUSION

General considerations about AGV visual absolute position
recovery have been undertaken in this chapter. The use of
monocular vision for automatic guidance has been discussed and the
different techniques employed have been reviewed. The problem of
absolute position measurement has been discussed and the proposed
visual system using pseudo-random encoding for this purpose has
been introduced. The mathematical properties of PRBSs which are of
particular interest for the case of our application have been
discussed. In the following chapters a detailed description of the
image processing software is carried out. Chapter III will deal with
binary symbol recognition and chapter IV will be concerned with 3D
positioning of the binary symbols.
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Chapter III

BINARY SYMBOL VISUAL RECOGNITION

II1.1. INTRODUCTION

This chapter deals with the image processing and pattern
analysis techriques employed to recognize each of the two symbols
that represent the binary values "1" and "0".

Using a simple shape analysis method appears to be sufficient
o solve this problem. However, two major difficulties have to be
considered when designing the code recognition system. The first is
associated with the AGV environmental lighting conditions. The
second problem is related to guide-path encoding: and code
recognition for AGV position recovery.

The first problem is encountered in most AGV visual navigation
applications. Because the vehicle is in permanent motion, there may
be substantial variations in its environmental illumination. Such
situations result in low-contrast images. specular reflections.
shadows and extraneous details.

The second problem arises from the need for a high resolution
guide-path encoding as required by industrinl applications. Having
high encoding resolution leads to a rather long pseudo-random
sequence and, therefore, a large pseudo-random window to be read
from each image. The need for redundancy imposes even longer
pseudo-random code-track portions to be actually covered” by the
camera. This results with each image containing a large number of
binary symbols which are affected by considerable geometric
perspective deformations. This might cause the symbols which ure
further away from the camera to have a smaller size. The symbol
recognition procedure must deal with such variations in the size of
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the symbol. Note that as the symbols get smaller, the quantification
noise increases and symbol recognition becomes more difficult.

For the above reasons it is necessary to use robust technigues
for symbol recognition. The symbol recognition procedure employed
consists of: '

1) the generation, for each object in the image. of a set of
primitive features, providing a significant and reliable
object description; and,

2) actual binary symbol recognition by a tree search.

The remainder of this chapter is structured as follows: section
Il states the different sieps of processing involved in shape analysis
programs and describes the order in which they are executed.
Section III includes the data processing necessary for primitive
seneration; and, section IV deals with the recognition problem using
tree search. |

I111.2 OBJECT SHAPE ANALYSIS - GENERAL PROBLEMS

Object shape analysis involves two major feature bused steps:
shape description and shape recognition.

From the grey level picture we need to generate a convenient
description of the object shape that permits simple and robust shape
recognition. This operation is referred as primitive feature
generation.

Three different approaches are known {[Pav80a] for shape
description:

i) scalar transform techniques;
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it) global or internal techniques: and

ii1) local or external techniques.

Scalar transform techniques are based on the evaluation of
scalar measurements (moments) from the brightness function of the
grey level image. However, as Pavlidis T. mentions, "it is difficult to
relate the higher order moments to shape and it is not a popular
technique any more” ( [Pav80b] pp 308. ).

Global, or internal. techniques examine both the interior and
the boundary of the object. The skeletal method (also called the
thinning method) is among the most popular of the global techniques.
It is based on the thinning of the object using a repetitive erosion
until the skeleton is obtained. The computational effori. however, is
fairly complex {Pav80a] and small amounts of noise can severely
alter the form of the skeleton [Pav82a]. Moreover, the execution time

is proportional to the object area and in some cases even 1o s
square [Pav82b]. ‘

The local, or external, techniques deal with the object boundary
represented either in the frequency or in the space domain.

The frequency domain boundary representation consists of
computing the Fourier transformation of the boundary. The
boundary can be expressed as the complex function x(1) + j y(u)
where x(t) and y(1) are the coordinates of the boundary point and t is
the length parameter. The Fourier transform (FT) of the contour will
be the complex function X(s) + j Y(s) where X and Y are respectively
the Fourier wansforms of x and y. Strokes on the contour, if repeated,
produce a high component in the frequency description of which the
magnitude is proportional to the number of strokes. Theréfore, the
coefficients of the FT can be used for shape description. Nevertheless,
as mentioned by Pavlidis. "their major disadvantage is that of all
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wransform techniques, the difficulty is to describe local information.”
({Pav80b] pp 302).

When using the space domain representation Iwo situations
may occur where:

. the boundary is a collection of straight segments
(polygon type shape):

- the boundary has a curved shape.

in the first case., the location of corners is sufficient 10
characterize the shape. while in the second case supplementary
information about each boundary segment curvature is needed.
Obviously, the first type of shapes are easier o deal with. This is the
reason we chose polygonal type symbols, 'E’ and 'H'. to encode the
binary elements, '0° and '1". of the pseudo-random sequence.

Several corner extraction methods are known. The most
popular among them is polygon approximation. Polygons offer simpie
and compact boundary representations (segments and vertices). they
are easy to implement and have good noise immunity. For this
reason we have decided to use polygon approximation 1o describe
symbol boundary. |

The recognition of the binary symbols 'E’ and 'H’ will consist of
a simple tree search checking certain features. Section IIL.4 derails
this step.

It is important to specify the order in which objects in the
image are treated. The image is scanned left to right and top 10
bottom. Every time a new object (a2 binary symbol or any other
object) is encountered the shape description routine is executed. A
wee search is made following this to recognize the object shape and
finally the 3D position and orientation are recovered only if the
object in question is recognized to be a binary symbol (see Chap V).
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The program continues scanning the image and the same operations
are repeated, in each case when new objects are located. until the
bottom right pixel is reached.

I1.3. BINARY SYMBOL SHAPE DESCRIPTION

The feature based shape description of the two binary symbols
('H' and 'E’) consists of the following steps:

a) thresholding the original image by using the grey level
histogram technique, [Wes78];

b) boundary detection by contour tracing, {Pav82al:

¢) two-phase polygonal boundary approximation using a
fast scan-along method [Wal34]. followed by the split and
merge algorithm, [Pav82bl.[Pav74],[Pav73|: and.

d) corner-vertex extraction using syntactic stroke
analysis, [Pav82b],[Fu87].

We will now proceed to a description of each of these steps.

[11.3.1 IMAGE SEGMENTATION BY THRESHOLDING

Thresholding is the main industrial image processing technigue
used to separate the objects from their background.

As mentioned above, one of the practical problems encountered
is related to the changes in lighting conditions. It is generally
possible to compensate for effects such as shadows and “hot-spot”
reflectances using one of the following methods:

- image enhancement [Gon77) (pp 115-181) followed by
a global thresholding, [Wes78]; or,



- local thresholding (adaptive thresholding), [Fu87] (pp
374-384).

The major disadvantage of both methods is their long
processing time that prohibits their use when only modest hardware
(PC type computer) with a simple image acquisition board are used.
For these reasons we were forced to use global thresholding [Wes78]
for image segmentation. Such segmentation is ostensibly inaccurate.
However, the subsequent processing algorithms are robust enough to
compensate for this inaccuracy. ‘

Let us assume the grey level image that will process is defined
by the function f(x.y) (where x and y are the pixel coordinates). Thus

we create a thresholded image g(x.y) by defining:

probaebility density
T

..,d!ll “‘\..LH”” l“vhh >

grey
level

Fig I1I.1 Grey level hystogram of guide-path image.

BRI AT RN
glx,y)= I 1 g2 (1),
|0 if f(x,u)<T
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with T the threshold value.

The images we are concerned with are composed of light
objects on a dark background. The grey level histogram of such an
image has two dominant modes as shown in Fig IIL1.

One obvious way to extract objects from their buckground is to
select a threshold. T. which separates the two intensity modes.
Therefore, T will be the grey-level value corresponding to the local
minimum that separates the two intensity modes on the grey level
image histogram.

Obviously, when the lighting is not constant. if the thresholding
method metioned above is used, some objects in the image might be
deformated. Thus 2 more robust method is required. However. for
the type of computing equipement we have, it is difficult to use such
robust algorithms for a real time application.

After thresholding we obtain a binary image consisting of 2 set
of black and white pixels. Each concentration of white pixels.
assuming that the background of the image is darker than the
objects, corresponds to a region in the scene. At this stage the
problem is to separate and locate each region. This problem is
termed “"region growing”. In our case. region growing is accomplished
using boundary tracing. In the following section we proceed 1o
description of the boundary tracing method used.

{11.3.2 BOUNDARY DETECTION BY CONTOUR TRACING

The use of contour tracing assumes that every traced boundary
encloses a region. Unfortunately, this is only true for external
boundaries. Since internal contours in hollow objects enclose an
empty area, not all traced contours represent a region. However. this



does not pose a problem in our case since the objects we want 10
recognize have full interiors (the symbols 'E’ and 'H’).

The contour tracing routine, which we will use [Pav82a], traces
boundaries by ordering successive edge points. For each traversed
pixel the coordinates are memorized and the pixel's grey level on the
thresholded image is set to 2 (the grey levels of the black and the
white pixels are, respectively, O and 1). This opération. called contour
marking, avoids tracing the same contcur twice. The procedure
terminates when the current pixel reachss the initial one.

Boundary tracing involves two steps:
1) locating each region in the image; and.
2) bourdary tracing each region that has been found.

Locating regions (step 1) is accomplished by scanning the
thresholded image from left to right and top to bottom. Every time 2
new region is encountered, the tracer routine is called (step 2). Such
situations, where a new region is encountered., are characterized by
the pattern "black pixel followed by a white pixel”. The white pixel in
this case. as far as the contour tracer routine is concerned. constitutes
the initial boundary pixel.

(1=1,J-1] (,9-1) (1+1,J-1)

3 2 o
a-1,3 | (+1,J)
4 (1,3) 0

(-1 0+1)| G+ | (i+1,0+1)
S 6 7

Fig II1I.2. Principles of chain-coding.
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We now proceed to the description of the actual contour tracing
technique wutilized. From the tnitial boundary point. found by the
above search strategy. the contour is tollowed in such a manner that

1nIt1al pixel=A

S=6,counter=0
L .

current pixel B=A

yes
5577
yes
yes
New beundery pixel C
found.
S=5+2
counter++
yes
yes
nao
B=C
counter=0
STOP T

Flowchart 1111
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the region within the boundary is always kept to the left of the path
being followed [Pav82a]. The search scheme consists of finding, for
the current boundary pixel. the rightmost (with respect to the
current bOuhdnry orientation) white pixel. This is accomplished
thréugh the concept of (Freeman) chain coding (se¢ Fig IIL.2),

Let S be the search direction in terms of the code of Fig 1I1.2. S,
then, indicates which of the neighbors of the preceding boundary cell
correspond to the cell currently considered. For the starting
boundary point, S is equal to 6. The neighbors of the current cell (L.J)
are now checked, as indicated by flowchart III.1. Note that the
neighbors are tested in an order of decreasing likelihood. The most
likely - next boundary neighbor is the one that has the same chain-
code value as the current one. This is related to the fact that most of
the contours we are dealing with are piecewise linear and.
consequently. most of the chain-code values are constant. In this
way, the algorithm is performed quickly. The loop is executed three
times at the most in order to avoid circling around a set that only has
one pixel.

This procedure produces a closed path and follows external
contours in a counter-clockwise fashion. Memorization of the
boundary points is done as follows: first the coordinates of the initial
boundary point are memorized then. for each boundary pixel traced,
the chain-code value indicating the direction to the next neighbor on
the contour is memorized in a stack. It should be noted that
preserving the chain-code value instead of the pixel coordinates
saves a great deal of memory space. Also. by knowing the
coordinates of the initial edge point and the chain-code values
between the different pixels on the boundary. we can recover the
coordinates of any boundary pixel whenever necessary.

The  complexity analysis shows that for each pixel on the
contour, seven tests at most are made. This corresponds to the worst
possible case imaginable where we must test the brightness of all 8
ncighbors of the current pixel. However, such a siwation seldom
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occurs. Nevertheless, the complexity of the algorithm is of the
order(N), N being the number of points on the contour,

{11.3.3 POLYGONAL BOUNDARY APPROXIMATION

I11.3.3.1 Introduction

The problem of piecewise linear approximation, for 2D curves.
has received considerable attention during the last wo decades.
Nevertheless, research is still under the way to develop faster and
more precise techniques [Dunh86], [Wal84].

Due to the perspective nature of image formation. symbols
placed further from the camera will look smaller in the image. In
such cases, the noise affecting the symbol shape might be of the
same order of magnitude as the small details in the boundary. This
makes it difficult to find the corner locations. Figure IIL3 illustrates
the complexity of the corner positioning task when the shapes
appearing in the image are small. In the ideal case of a noiseless
contour, corners are located in (A) and (B). In the real case four
cormners appear on the contour: Al, A2, Bt and B2.

A
vy
B1 B2
B+

Fig IIL.3 Corner location problem in polygon approximation,



In view of this matter. a robust polygonal boundary
approximation technique imposes itself. Obviously. the precision of
‘the polygonal approximation and its time computation are wo
antagonist factors.

Surveys of the available polygonal approximation techniques
are given in [Pav82a], [Dun86] and [Wal84]. The existing techniques
can be classified according to the type of error norm they use.
_whether the knots are fixed or variable and whether or not the
approximation is continuous [Dun86]. In the following we review the
most important polygonal approximation schemes. Three approaches
can be distinguished: the scan-along, the minmax and the split and
merge approach. Most of the existing polygon approximation
algorithms are more or less similar to one the approaches mentioned
above.

An example of a scan-along method is the one proposed by
Williams [Wil78] which uses cone intersection to find the longest
allowable approximating segments. For each of these. the maximum
Euclidian distance between the segments and the points they
approximate is less then a prescribed value. Circles are drawn
around each point. An acceptable approximating polygon should pass
through each of the circled areas. Moving from point to point,
tangents are drawn to the circles to find sectors in which un
acceptable segment must lie. Cone intersection methods are
relatively fast due to simplicity and sequential processing of points.
However, they do not produce optimal resuits.

Kurozumi [Kur81] proposed a minmax method which finds a
polygon satisfying the condition that the number of sides are
minimum and the maximum distance between the sides and the data
points is less than a prespecified tolerance. First the maximum
polvgon is constructed. that is, a convex polygon containing all points
in the current subset. Then a side in the polygon is found and found
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vertex giving the maximum perpendicular to it. The side must be the
one for which this perpendicular is shortest. The current segment is
then a line parallel to the side passing through the midpoint of the
perpendicular. 1f the deviation is greater then the given tolerunce
the segment is not accepted and the previous segment is used as’
approximation. Minmax methods give optimal results but are rather
complex. They process the points only partly in sequence so several
points near the current segment are needed .in each step.

For a given error norm, the split and merge algorithm
{[Pav82a), [Dun86] and [Pav74]) finds the minimum number of
vertices of which the total error norm is less than a prescribed value.
An arbitrary set of vertices on the contour initializes the algorithm.
The error norm on each resulting segment is then calculated. These
segments are split in order to drive the total error norm under the
given limit value. After this, each neighboring segments are merged
when merging does not cause the total error norm to exceed the limit
value. The final step of the algorithm is vertex adjustment; every

veriex position on the contour is adjusted so that the total error
norm is minimized. '

The split and merge polygonal approximation. introduced by T.
Pavlidis. has been widely used for shape description. As far as the
optimality of the ‘number of the resulting polygon vertices. after
processing, and their location are concerned. the split and merge
method is one of the most powerful among the available techniques.
Based on these considerations, we opted to use this technique for the

polygonal boundary approximation of the employed symbols 'E’ und

It is shown that, as far as the number and the position of the
vertices are concerned, the split and merge algorithm, in cases of
rare configurations, is suboptimal {Pav74]. However, in the case of
the 'E' and 'H' symbols, the algorithm leads to very satistactory
results.
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The known implementations of the split and merge algorithm
are time consuming. This is due to the following reasons:

- if the initial partition is chosen arbitrarily (which is
most of the time - considerably far ‘from the optima!
solution) the number of splits. of merges and vertex
adjustments operated will be large.

- the error norms used by Pavlidis, either the maximum
Euclidian distance or the integral square error. require
rather extensive computation time. o .

In order to correct the first drawback, a rough. but very. fast.
scar.-along polygonal approximation [Wal84] precedes the split and
merge algorithm. Vertices resulting from this scan-along procedure
serve as initial partition for the split and merge algorithm.

The second drawback is addressed by using area deviation per
length unit as an error norm. This norm originally used for the scan
along technique [Wal84]. mentioned above, allows the split and
merge algorithm to have a better execution time .

Thus the polygon approximation we will use consists of . the
following steps:

- fast scan-along sequential polygon approximation using
area deviation [Wal84]: and.

- a split and merge algorithm using area deviation p_er
length unit as an error norm and the output of siep 1) as
an initial partition.

The reminder of this section is structured as follows: section
1{1.3.3.2 discusses the concept of area deviation;, section II1.3.3.3
describes the fast scan-along algorithm (Wal84); and section I11.3.3.4
deals with the split and merge algorithm.
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111.3.3.2 The area deviation concept

The concept of area deviation has been introduced by Wall und
Danielsson [Wal84]. The area deviation of a contour between two
boundary points A and B is defined as the surface that separaies the

segment [A.B] from the contour portion between A and B (see fig
I11.4).

An interesting property of area deviation is the simplicity of
the computation of its variation when one of the segment endpoints
is shifted to its boundary neighbor.

A

Fig II1.4. Area deviation concept.

Let A; (respectively Ajs1) be the area deviation between the
points Pp and P; (respectively Pg and Pji)). Pj and Pj.; being two
boundary neighbors as mentioned on Fig [IL.5. We want ¢ calculate
Aj+1 as a function of Aj. Let us assume the following additive model:

Ajq1= A +dA;  (TI1L.2)

It is easy to see in figure IIL.5 that the area dA; corresponds 10
that of the triangle of vertices Pg, Pi and Pj.;. From Fig II1.6 we have:

|
dAi=75 (Po Pis1). (Py H)
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T+

Fig IIL.5 Arca deviation variation betwecen 1wo concatenated boundary pixels.

" P s

Fig 1l1.6 Computation of arca deviation vazriation.
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1l Po Pi+1 X P; Pisq Il

]

C{Yie1-Yi ) Xiel = (X{+1 -Xi ). Viel)

1 19 s 1 s

((Yie1=Yi ) Xi = (Xis1 *X{ ). ¥)

where (X) is the vector product operator and (Xi.vi) and (Xi+1.Vi+1)

S . _
are respectively the coordinates of PpPjand PgPi.i. This leads to
equation IIL.3:

. (dyi-xi - dxj .yi) (111.3).

0 |

dA;=
where _

dXi= Xi+1-Xj (I11.4.2).

dyi= Yi+1-Yi (111.4.b).

Si dx; | dy, | dA;
0 1 0 —Yi
1 1 -1 =% Y
2 0 -1 —Xi
3 -1 -1 =X *Yi
4 -1 0 Y
5 -1 ] Xi*Y
6 0 1 X;
7/ ] T %=V
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Since P; and Pj+1 are concatenated pixels on the boundary. dx;
and dy; can only take the values 0.-1 and 1. For this reason. a3
indicated in table III.1, the area deviation variation dA; can be
quickly computed using only additions and subtraction of integer
numbers “(x; and y;j). In table III.1 the area deviation dA; is mapped
directly as a function of all chain code values. Note that the chain
code values are .automatically generated by the contour tracing
module. | :

~ The area deviation between two boundary points. Pm and Pn.
with m and n the indices of each pixel along the connected coniour.
can be easily computed using the following additive model:

- V n .
Apn= 2dA; (111.5).

i=m

It results that the computation of A, , comes down to the

addition and subtraction of integers. This explains the rapidity of the
~sequential algorithm for polygonal approximation presented in

111.3.3.3 and the vertex adjustment algorithm presented in
11.3.3.4.c.

111.3.3.3 Scan-along polygon approximation using area
= deviation

This technique is very fast but. being sequential, it does not
produce optimal approximations. It uses a scan-along technique
where the approximation depends on the area deviation for each line
segment. The algorithm (Flowchart IIL.2) finds the longest allowable
approximating segment by stepping from boundary point to another
until the area deviation per length unit exceeds a prespeciﬁed value.
The algorithm stops when the last pixel on the boundary is reached.

|



i=0, Ai=0;

x1=y1=0

dzt\i=><].dyi—yi<:i><i

dLi =dxi +dyi +

2.(xi.dxi+yi.dyi).

new vertex
found

A=A +dA
1+1 1 ]
2 2 2
. = +
Lipy =Li+dll

no

yes
1=1+1
Xi=xi+dx
yi=yi+dy

Flowcharr II1.2,



Fig I1L.7. Problem of commer location by scan along polygon approximation

with small error norm.

Fig 1L.8. Problem of comer location by scan along polygon approximation

with large crror norm.
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Like area deviation, it is shown in Appendix | that segment
length Ljcan be calculated recursively: in the same way we have
proceeded with area deviation, a look up table for the seament
length variation - when one endpoint of the approximating segment
is shifted to its neighbor - as a function of the chain-code values can
be drawn.

The sequential polygon approximation conformable to the
flowchart in Flowchart III.2 is very fast ( an average of 30
milliseconds of execution time per contour). However. as far as the
number of vertices and their location are concerned.. the
approximations of the method are not optimal. Figure 1IL.7 shows a
situation where the vertices are not located exactly at the corners.
This problem is related to the fact that the algorithm is sequential
(scan-along). The program does not label the current pixel a vertex
as long as the ratio between the area deviation and the scament
length has not exceed the prescribed value. This criterion is generally
not satisfied at the corner but a few pixels away from it. The larser
the threshold value the further the generated vertices are from the
real corners.

A solution to this problem would be to choose a small threshold
value. However. because of noise. fictive corners may be detected by
the program in that case. Figure [IL.8 shows that too munv vertices
may be generated.

Therefore.- -increasing the threshold value minimizes the
number of vertices but worsens their positions. Conversely.
deé?éasing the threshold value improves the vertex position but
increases the number of vertices. Thus the algorithm can optimize
either the number of vertices or their positions but not both at the
same time. For this reason, we can't content our selves with only this
scan-along polygon approximation. The split and merge algorithm
which we use to refine the partition generatzd by the scan-ulong
method is presented in the following section. =
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111.3.3.4 The split and merge polygon approximation

This section deals with different problems related to the split
and merge algorithm. In section II1.3.3.4.a we describe the split and
merge mechanism and discuss the optimality of its approximations.
Section 1I1.3.3.4.b studies the problem of the validity of area
deviation per length unit as an approximation error measure. In
section II1.3.3.4.c the vertex adjustment algorithm is presented. A
topological analysis made in this section permits to understand the
functioning of the vertex adjustment process when area deviation
“per length unit is used as an error norm.

I11.3.3.4.a) The_split and merge paradigm

This section will describe the split and merge algorithm
independently of the type of error norm used. We will discuss how.
by split and merge, we can optimize the number as well as the
position of the generated vertices.

Unlike the scan-along methods., which are sequential, the split
and merge polygon approximation is parallel: at any moment during
processing. the whole boundury is considered as a single entity. A set
of break points divide the contour into intervals. Each interval §j is
approximated by the linear segment joining its endpoints. To each
interval §; corresponds an error norm, called segment error norm.
which measures the error made when approximating S; by a linear
segment. The split and merge algorithm minimizes the error norm
over all segments and makes sure it is less than an upper boundary.
The total error norm is defined as follows:

n
E= Y Ei (IIL6)

i=1
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where Ei denotes the segment error norm along the i-th polygon
segment (the different compurtational schemes for Ei are detailed in
section II1.3.3.4.b). Starting from an initial partition. the algorithm
finds the vertex configuration that has the minimum number of
vertices such that the total error norm E is less than an a prior
upper limit value Emgx. As mentioned above. the initial partition. in
our case, consists of the vertices generated by the scan-along
algorithm described in section II1.3.3.3. Generally the initial partition
has an E greater than Emax. The execution of the split and merge
“algorithm has two stages:

i) when the totwal error norm E is greater than Emax: and.
if) when the total error norm E is smaller than Emax.

In the first stage only the split routine is active (see flowchart
[11.3); no merge is made as long as the error norm is bigger than
Emax. During the split operation, the segment with the maximum
ercor norm, S;, is split into two equal segments. S;; and Si2  (see Fig
I11.9). The error norms on each one of the new segments, Ej and Eja,
are computed. Obviously. after euch split. the sum of the error norms

on the resuliing segments. E{1+Ej2, is smaller thun the error norm on
the original segment, Eji:

Ei>Eii1 +Ej2 (111.7).

Fig [IL.Y9 Merge operation increases segmenl error norni.
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Therefore. considering equations III.6 and IIL7. it easy to see that
the split operation decreases the total error norm E.

. As indicated on flowchart IIL3. as soon as E becomes smaller
than Emax the merge operation takes presence over the sp'lil
operation. Algorithm Il describes the merge routine. For cach
polygon segment Si, i=l,...n (n is the total number of segments on the
contour), the error norm Fj which would have occurred if S; and Sj+i
were merged is evaluated and:

Gi=E+Fi-Ei+Ei+1) (111.8)

is computed. Gi represents the value the total error norm would have

. . . . . no,
taken if Sjand Sj+1 were merged. After this, the segment list {Siil 18

sorted in the decreasing order of Gi. The segment S having rhe
smallest Gi is merged with its neighbor Sis| provided that G; is

smaller than Emgyx. Every time a new merge is made the Gi's of all
segments are updated (see algorithm IIL.1). After the merge

operation one iteration of the vertex adjustment algorithm s
execured.

Since at most all segments can be merged into one. there comes
a time when the merge part of the algorithm becomes inactive. From
then on., only the vertex adjustment part is active.

ALGORITHM II1.1

Let the polygon segments be numerated from 1 to n.

1} for i=1 to i=n-1
{
- evaluate Fj, the error norm which would have occurred  if
segments i and i+1 were merged.
-compute : Gi=E-(Ej+Ej+1}+Fj,
}



2) Sort the segmenits’ list in the decreasing order of Gi.

3) while(G; < Emax)
{ .
-merge segments j and j+1.
-update the eiements in the rest of the segment list as follows:
Gi=Gi+Fj-(Ej+Ej+1) .
-consider the next segment in the list.

}
4} end
Note that by the very nawure of the merge routine. any
decrease in the number of segments will cause the total error norm

to exceed Egax. Hence the final segmentation has a (locally) minimum
number.

111.3.3.4.b The use of the area deviation per length a8 an error

norm

So far. we have studied area deviation only from the
computational point of view. It was shown that it can be computed
recursiﬁely using a simple arithmetic operation. The problem which
will be discussed in this section is related to the use of area deviation
per length unit (ADPLU) as an error norm for the split and merge
algorithm. It is necessary. at this point. to show that ADPLU
constitutes a valid error measure for piece-wise polygonal
approximation. In other words, we want to estimate. for a given
value of the ratio area deviation per segment length, how far the
boundary points can be from the approximating segment.

In the following we start with a review of the different error
norms used in the split and merge algorithm and then proceed to o
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geometrical analysis that proves the validity of ADPLU as an error
norm.

In [Pav74], the pointwise error betwesn a boundary point and
the approximating segment is defined as:

ei = sintB).xi + cos(B) vj -d 1LYy
‘Where :
sir;(B).x + cos(B) y-d=0 (I11.10)
is the equation of the segment approximating the contour portion

(Sk) and x; and y; are the coordinates of the considered boundary
point. ‘

The wwo error norms proposed in [Pav74] for the split and
merge algorithm are:

i) the integral square error E2 defined as:

”
Ea=2. &i° (11.11)
for (xi.yi) element of a point set Sk.

1) the maximum pointwise error (or maxim Euclidian
distance) defined as:

E.. = max ( ej) (I11.12)

for (xi,yi) element of a point set Sk.

The maximmum Euclidian distance error norm (E_,) results in

approximations which present a closer fit as judged visually than the
integral square error norm (Ez). This raises the question of how to
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derive an estimation of the split and merge maximum total error
norm Emax, when the E; error norm is used, from an estimation of the
maximum pointwise error norm (€max)-

Fortunately, the Ez measure is bounded by the E, measure:

Ea=Y, ei” <= nk. max ( &) O (1I113)

where ni is the number of points in the interval Sy of the boundary.
It is known from the theory of approximation that the sign of the
error (g;) changes at least as many times as the number of degrees of
freedom plus one and that values close to the maximum are
achieved at least as many times. [Pav82b]. In practice. it is assumed
that the number of degrees of freedom is equal to one and therefore,
assuming that (L) is the interval length, Emax is evaluated as follows:

Emax = 3 (I11.14)

Fig III.10 The sign of A.D variation depends on the contour concavity.
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In the case area deviation per length unit is used. the segment
error norm along one point set S is:

_lag
Ba= T,

(I11.15). .
where Ay is the area deviation along Si and Ly is the leagth of
the linear segment approximating Sy.

Figure III.10 shows one specific problem to- area deviation: the
sign of the area deviation variation dA depends on the boundary
concavity at the point where this variation is being measured. For
instance, dA at Py, in Fig IIL.10, is positive while it is negative w Py,
Therefore since the total area deviation is the sum of all dA's along
the boundary portion to be approximated by a segment (see equation

II1.5), the result may be small in absolute value and so may be the
ADPLU.

This raises the following question: in general., how lurze can the
pointwise error be for a given value of the ratio urca deviation-
segment length? In the sequel an analysis. similar to the one made
for the E2 error norm. is carried out in order to relate the ADPLU 1o
the pointwise error norm

max
Y

L

S
rda)

Fig [IL.1] Arca deviation in the casc of a convex curve.



61

In the case area deviation per length unit is used. the segment
error norm along one point set Sk is:

IAK
5;,:-!_—:- (1IL.15).

where Ay is the area deviation along Sk and Ly is the length of
the linear segment approximating Sk.

Figure. [II.10 shows one specific problem to area deviation: the
sign of the area deviation variation dA depends on the boundary
concavity at the point where this variation is being measured. For
instance. dA at Py. in Fig III.10, is positive while it is negative at P).
Therefore since the total area deviation is the sum of all dA's along
the boundary portion to. be approximated by a segment (see equation

[11.5). the result may be small in absolute value and so may be the
ADPLU.

This raises the following quesdon: in general. how large can the
pointwise error be for a given value of the ratio area deviation-
segment length? In the sequel an analysis, similar to the one made
for the E2 error norm, is carried out in order to relate the ADPLU to
the pointwise error norm .

max
Y

L

Fig [II.11 Area deviation in the case of a convex curve.



By summing both sides of equations [I[.19 and 1120 we have:

S2+83 < Emax (LB+LC)
thus
LC. Cmax
5

< Emmg . (LBTLC)

€max < 2 Emnx ( 1+ LB/LC) < 4.Ema_‘ { IllZl)

This is valid if LB is smaller than LC which is only the case of
smooth curves. In the case of rough curves. this assumption is no
longer valid and emax can take bigger values. Furthermore, in the
case where the number of boundary concavity changes is more than
one. we expect €max o take larger values. Nevertheless. for the type
of shapes we are dealing with ('E' and 'H'). we can make the
assumption that the contour is smooth and that the pointwise error
does not change very often.

Hence. from the analysis made above. we can conclude thu
when the ratio area deviation per segment length along u sezment Sk
of the contour is bounded the maximum pointwise error along this

segment is also bounded and conversely (the converse proposition is
evident).

This proves the validity of area deviation per length unit as an
¢rror norm. Moreover, from equations I1.19 and I[I1.22 we cun
derive an estimation of Epux from an estimation of the pointwise
Maximum error emux &

Smax '

Emax =4 (111.22)
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[11.3.3.4.c Vertex adjustment

Vertex adjustment, also called piecewise approximation with
variable joints, has received considerable attention in the literature
([Pav82b] pp 31-45). The vertex adjustment routine constitutes the
"third step of the split and merge algorithm. The two first steps, the
split and the merge routines guarantee a minimum number of
vertices to the polygon approximation. The role of vertex adjustment
is to optimize the vertex positions so that they are as close as
possible to the real corners..

The problem of vertex adjustment can be formulated as
follows: given a contour (C) and an integer number n, find the

optimal position of each one ‘of n points {X,-}? along (C) such that the

n segment polygon joining these points approximates the contour (C)
with the minimum error.. '

*  Depending on the type of error norm employed, different
techniques can be used for vertex adjustment. When the maximum
pointwise error norm (E,.) is employed, vertex adjustment comes
down to a2 mathematical programming problem involving the
minimization of a linear function which is subjec't to both linear and
quadratic constraints. Dynamic programming methods have been
proposed to solve this case [Dun86]. On the other hand vertex
adjustment, in the case of the integral square error (E2), is an
analytical minimization problem ([Pav82b] pp 35-39). Pavlidis in
[Pav77] uses the Newton-Raphson to solve this problem [Pav77].

. Both the mathematical programming and the analytical
minimization techniques are optimal. However, they are time
consuming [Dun86]. To overcome this, Pavlidis proposed a fast vertex

adjustment method, the descent algorithm [Pav73], that works for
both, the E., and the E2 error norms. The descent algorithm
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becomes even faster when the ADPLU error norm is employed (see
section II1.3.3.2).

The descent algorithm (flowchart 111.4) for vertex adjusiment
finds the optimal position of the n vertices by treating each vertex
separately. The algorithm keeps turning around the boundary by
stepping from vertex to another. The position of each traversed
vertex is adjusted in order to minimize the total error norm. The
algorithm keeps cycling around the boundary until no more veriex
adjustment can be made.

During the adjustment procedure of a vertex X;. only the
position of X; can change while all the other (n-1) vertices remuin
fixed. Therefore only the two segments {Xi.1.X;] and [Xi. Xi+1} are
affected by the vertex adjusiment of Xjand hence the only segment
error norms which may be modified are Ejand E;.j. Since the totwl
error norm is equal to the sum of the segment error norms:

E=2, Ei.= Ey+Ep+....+(Ej + Ejs)+..+Eq .

finding the position of X; which minimizes Eis equivalent to finding
the position of X; which minimizes (E; + E;.1). For each vertex X;. the
changes Gij1=F1+F3 and Gj2=F> + F4 in (E;+E;+1) that would have
occurred if X; has been moved respectively to its preceding
neighboring pixel on the boundary, P(Xi). and its following
neighboring pixel, N(X;). are computed. Obviously, the vertex position
giving a negative Gj is opted for.

Orne iteration of the descent algorithm corresponds to one pass
through the whole contour. As mentioned in section [11.3.3.4.1. one
iteration of the vertex adjustment algorithm is executed at the end of
each split and merge cycle. Once the minimum number of vertices
has been reached only the vertex adjustment .routine remains active.
The latter. as mentioned above, stops when no more vertex
adjustment can be made. |
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. . a{EY .
Note that when the algorithm converges 3iX, s equal o zero

for all Xi's. Therefore the gradient of E is null and [ reaches its
minimum. However, this minimum cun be local and the verrea
adjustment algorithm may generate suboptimal approximations.

Using the ADPLU error norm speeds up the vertex adjustment
algorithm. This is due to the simple and fast computation required by
this -error nonn.

IH1.D CORNER-VERTEX EXTRACTION

Despite the robustness of the polygon approximation emploved
it may happen that vertices not corresponding to corners on the real
object be genérated. This is due to gross segmentation errors that
may occur. In order to extract the real corners. more processing of
the polygon approximating the boundary is necessary.

Unlike polygon approximation which operates on boundary
points, corner-vertex extraction uses the polvgon seoments
approximating the boundary as a description of the object. There are
basically two techniques to solve the vertex extraction problem. In
the first technique proposed by Davis [Dav77] curvature is computed
to decide if a vertex corresponds to a real corner or not. The second
method. proposed by Pavlidis [Pav79], is based on a syatuctic
analysis of the polygon segments which permits the extraction of
corners. Both techniques have comparable performances [Pav¥2al.
We will use the syntactic technique.

An object boundary can always be described us a sequence of
basic features (primizives), such as corners. arcs, protrusions,
intrusions, lines etc.. which characterizes, (as a signature) that object
shape. Encodings of curves as a sequence of such primitives uare
particularly suited for syntactic descriptions. If each entity. also
called primitive is labeled from a finite alphaber. then the curve is
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mapped into a string over such an alphabet and the classical theory
of formal languages [Fu74] is directly applicable.

The number of primitives in the alphabet depends on the
variety and the complexity of the shapes considered. We will assume
in our case that the boundaries of the 'E' and 'H' symbols can be
described in terms of the following primitves:

- ,g'orners with the formal name COR:

- long linear segments with the formal name LINE: and.

- short segments having no regular shape with the formal
name BREAK.

: The polygon approximations of the contour results in 2
sequence of vectors. A LINE will be either a single vector. a set of
mutually almost collinear vectors or a set of mutually almost
collinear segments separated by BREAKs. A BREAK cun be
- approximated by one or two vectors of very short lengths. A CORNER
can be considered as consisting of two lines  either in direct sequence
or separated by a BREAK. Following these definitions we have the
following production rules.

<LINE> := <LINE1> + <LINE2> (angle LINE1.LINE2 < B)

<LINE> =<LINE> + <BREAK>

<LINE> := <LINE1> + <BREAK> + <LINE2> (angle LINE1.LINE?2 < 1)
<CORNER>:= <LINE1> + <LLINE2> (angle LINE1,LINE2 > B)
<CORNER>:= <LINE1> + <BREAK> + <LINE2> (angle LINE1.LINE2 > 1)

Based on these production rules. we can build the contour
parser. which is also termed trusion parser. The parser is a finite
automaton with a buffer of size four. The automaton always looks at
the buffer contents. A decision is made whether a segment is short
(S) or long (L) depending not only on the current line but also on the
contents of the buffer. Fig [I1.13 describes the automaton. The
operation "Shift K" means obtain the next k lines as the rewurn of a
line detector operating on the contour. “"Reduce k" means emptving
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the first k elements of the buffer. The “relabel” operation consists of

relabeling the remaining contents of the buffer by L. The svmbol

stands for end of input while ? denotes an empiy portion of the

buffer.

buffer contents Action
LL?? reduce 2 & shift 1
LSL? reduce 3& shift 2
LSSL reduce 4 and shift 3
LSSS reduce 2 relable & shift 1
LSS* reduce 3 and stop
Lg== reduce 2 & stop
[=x= stop
wmme stop

Fig 1I1.13 implemenwation of the trusion parser.

1.4 SHAPE RECOGNITION USING POLYGONS

IV.4.1) INTRODUCTION

As explained in section IIL.1. the shapes to be recognized

two distinct symbols which represent the two binary numbers
and ’

are
Oy
I' (binary symbols). Other shapes appeuaring in the picture will

have to be recognized as not being binary symbols and will

eventually be considered obstacles to be avoided during AGV

navigation. Consequently., our data base will contain only two

templates euach one representing the two binary symbols.

"
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Our problem is not limited merely to the recognition of the
binary symbols but also deals with their positioning in the 3-D
environmental space (as further discussed in chapter [V).
Recognizing shapes like printed characters. especially when the
feature gencration scheme is as robust as the ore we have employed.
is a rather simple problem to solve., A simple tree search, that checks
a certain number of features characterizing the object. is quiet
sufficient. However, to be able to determine the 3-D position- and
orientation of each symbol, the information provided by the
recognition procedure is not sufficient. To determine the "POSE”
{Position Orientation and Scaling) of the recognized code, we need
certain number or vertex correspondences between the scene
description and a model description. This can be performed. as it will
be explained in chapter IV by using a model based shape recognition
technique.

The next section will discuss .a fast technique for object
‘ recognition used to identify the binary symbols. In this way the 3D
object positioning algorithm ‘will be performed only on objects which
we are interested in.

111.4.2) SYMBOL CODE RECOGNITION BY TREE SEARCH

After processing., the search algorithm outputs one of the
following results:

- the object is not binary code:

- the object is the symbol 'E': or
- the object is the symbol 'H'.
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Fig 111.14 Scgment indexing for the characters ‘E'- and 'H'.

The search procedure consists of checking intrinsic propcrties
(relations) of the polygon description of each binary symbol.
Flowchart I11.5 describes this procedure.

The polyszon segments approximating the contour are (first
sorted in a decreasing order of their lengths, Sy. Sa. Ss... (see Fig
[[1.14). The wee search is based on comparing segment lengths. An
easy to check property which differentiates the symbol 'E' from 'H' is
the fact that Lj=L»> is only true for the symbol 'H'. Therefore, we start
by checking this feature. Following this some other segment lengths
are checked. For instance, in the case of the letter 'E' we have La=L3
Li=Ls. La=L3setwc.... Every time a test fails., the program execution
stops and the object is recognized as not being a binary symbol.

i11.5 CONCLUSION

In this chapter we have investigated the problem of binary
symbol recogrition. This task has been divided in two phases: feature
‘generation  and symbol recognition. Feature generation s
accomplished through a sequence of steps: boundary tracing of euach
object appearing in the image, polygon approximation of each
boundary., and finally corner-vertex extraction from euach
approximated contour. The recognition phase consists of a simple
tree search that checks intrinsic relational properties..
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As regards polygon approximation, a new method to implement
the split and merge algorithm was proposed in this chapter: we have
shown that using area deviation per segment length as an error norm
offers polygon approximation better run-time performances.

The robustness of the polvgon approximation method
employed offers the recognition process considerable accuracy and
precision. However, the exact localization of the pseudo-random
window that permits the recovery of the AGV absolute position is a
problem that needs further considerations. Also. for path planning
purposes, it 18 important to collect information about the 3D profile of
the path seen in front of the vehicle. These geometrical
considerations will make the subject of the next .chapter.



CHAPTER IV

GEOMETRIC CONSIDERATIONS IN VISUAL
POSITION MEASUREMENT

IV.1) INTRODUCTION

As mentioned in chapter I, the visual navigation system to be
designed ‘should have position measurement as well as auwtomatic
guidance abilities, It was shown in Chap II that the AGV position is
recovered by reading the n-bit pseudo-random code that identifies
the absolute position. On the other hand. automatic visual guidance
requires the 3D profile reconstruction of the guide-path in front of
the vehicle [Mor90].

Obviously both problems would be easy to solve if the binary
symbol recognition process was error free. In practice. because of
inadequate lighting conditions and the eventual presence of objects
hiding a portion of the path to the camera. several symbols may not
be recognized. Despite the redundant number of codes in range. it is
not an easy task to find n binary symbols in the image that follow
each other on the guide-path. In fact, because of perspective. the
binary symbeols further away from the camera appear very close 10
each other in the image. In order to solve this problem it is necessary
to determine the 3D position of each binary symbol. Once this is
done, since the actual distance between two successive codes on the
guide-path is known. it is possible to determine when a symbol has
not been recogrized. Moreover, this facilitates the estimation of the
3D profile of the visible guide-path portion. The estimated profile
will consist of the 3D piecewise linear curve which joins the centroids
of all the neighboring binary symbols.
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This chapter discusses problems related to 3D binary symbol
positioning. In section IV.2 there is a description of the geometric
aspect of image formation. Section [V.3 presents the flat-carth
geometric model technigque for 3D, binary symbol positioning and
section 1V.4 discusses the iterative least-squares solution to the
problem.

IV.2) THE GEOMETRIC ASPECT OF IMAGE FORMATION

The smdy of the perspective problem consists of investigating
the geometric aspect of the imaging process |sha89]. The problem
consists of finding the geometrical transformation between object
and the corresponding image points. Fig IV.1 shows an arbitrary
point P(xo.y0.zo) in the 3D space. The reference frame of the 3D space
is defined by the camera position. Its origin is the focal point of the
camera. The image. I(xi.yi.-f). of P(x0.y0.z0) is obtained by projecting
the line issued from P and passing by O. the focul point. on the image
plain. The points I. O and P are therefore collinear and we can write:

(x0.v0.z0)= k - (xi.vi.-f) (VI.1)
where k is a real constant such that:

k= - zoff (1V.2)
Thus we can write:

xi= - (ffzo) - xo0 (IV.3.a)
yi= - (f/z0) - yo (IV.3.b)

The geometric transformation defined by the IV.3 eyuations is
called the perspective-projective transformation. This model is
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Fig IV.] Geometry of the perspective transformation.

Object’s original shape

deformated image

Fig IV.2. Shape deformation by perspective transformation,
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visibly nonlinear. Note that when the object is planar and the camera
optical axis is perpendicular to the object plane. zo is constant. The
geometri¢ transformation in this ‘situation is reduced to a scaling and
no shape deformation occurs.

On the other hand. when the object is still planar but the
optical axis is not perpendicular to the object plane, zo is no longer
constant and the shape is subject 10 deformations. Fig IV.2 shows
how the image of the lewter H is deformed for a 30° angle between

the optical axis and the normal to the object plane.

When the distance of the object to the camera is large relative
to the object dimensions, it can be assumed that zo 1s constant for all
object points. Based upon this assumption. the transformation is
reduced to the composition of a projection and a scaling.

As far as object recognition and range measurement using
monocular vision are concerned. the inversibility of the perspective-
projective transformation is an important problem.

Let I(xi.yi.-f) be any point in the image plane. Every point
P(xo0.yo.zo) which has I(xi.yi.-f) as image point verifies equation IV.3.
This implies that:

xo= (-xi/f) - zo (IV.4.a).
yo=(-yi/f) - zo0 (IV.4.b).

IV.4 shows that the point set having IHxi.yi.-f) as imuge point is the
line containing both the focal and the image point. Therefore, the
perspective-projective transformation is not invertible.

This raises the question of how to determine the 3D position of
an object visible in a single image. Solving this so called inverse
perspective  problem. because the perspective-projective
transformation is noninversible, requires. on top of the image,
supplementary information about the object. Two situations may
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occur: information about either the object positiorn or the object
shape are available.

The first case is much easier to deal with and has a
straightforward solution. Generally the a priori informaiion about the
object position can be formulated into either a linear or nonlinear
constraint which makes up a third equation of the system IV.3. A
unique solution in that case exists. An example of such a situation is
the flat-earth geometric model technique used in visual automatic
guidance to estimate the 3D profile of the road in front of the vehicle
[Mor90]. We use this technique, in our case, to determine the 3D
position of each binary symbol appearing in the image (see section
IvV.3).

In the second case, the case of the model based 3D position
estimation, the object recognition and its reference to a specified
model are required. Considering the model and the scene of the
object the 3D position is determined by computing the perspective
deformations the scene has been subject to. Unlike .the first method.
the 3D position of the object is determined indirectlv using a least-
squares estimation. This case is thoroughly discussed in section [V.4,

IV.3: THE USE OF THE FLAT-EARTH GEOMETRY MODEL
FOR 3D CODE POSITION DETERMINATION

In the flat-earth geometry model [Mor90}. we assume that the
path is planar, and that the plane containing the visible portion of
the path is the same plane which is giving support to the vehicle.

In this case. the 3D reconstruction, P(x0,y0.zo). of an image
point I(xi.yi.-f) is made by finding the point of intersection of the line
from the focal point of the camera through the image point I(xi.vi.-)
with the ground plane. Fig IV.3 describes this principle.

Using equations 1V.3 we have:



xi= -(f/z0) - xo0 (IV.5.0)
yi= -(f/z0) - yo (IV.5.b)

Floor plane

Fig IV.3 The flat carth model.

Since Po belongs to the floor plane it verifies the equation of the
latter:

axo+byo+czo=d (IV.6).

Where a.b,c and d are determined using the distance along the
vertical axis between the camera and the floor and the tilt angle
formed by the camera to floor plane. By substituting IV.5 in IV.6 we
have:

xo= - ( dxi)/ [-a-xi - byl +fc] (IV.7.2).
yo= - { d-yi)/ [-a-xt - byi +fc] (IV.7.b).
zo= (fd) /[-axi-byi +fc] (IV.7.c).
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Equation IV.7 shows how to determine the 3D position of one point
on the ground given its image.

In our case. each binary symbol is represented by its centroid.
Using equation 1V.7. with I(xi,yi.-f) being the centroid of the binary
symbol image we can determine P(x0.y0.20) the' 3D position of the
binary symbol centroid on the floor.

, The flat-earth geometry technique has the advantage of
requiring the simple calculation of (IV.7) for each symbol on the
track. For this reason the method is fast. However. there two major
problems which limit the applicability of this ‘method:

. since no estimation is. made. the error in the output 3D
locations is only a function of the extent to which the flat-earth
assumption is violated; and .

- the sensitivity to inaccuracies in the assumed tilt angle
formed by the camera to the floor plane.

In industrial environments. the flat-earth assumption cun
easily be violated. Moreover. the camera is in a fixed position
relative to the body of the AGV. but the body of the vehicle is able to
rock forward and backward on the undercarrizage. Hence. the

accuracy of the tilt angle of the camera to the floor is not reliuble.

Taking into account these considerations, the decision to
employ or not the flat-earth technique is dependent on the
environment in which the- AGV will be used. In the next section.
another more robust .echnique that makes no assumptions of
evenness of the floor surface is discussed. This technique determines,
iteratively, the 3D position of each code appearing in the image.
Unliks the flat-earth geometric model technique the calculations ure
not straightforward: a least-squares estimation of the 3D position is
made and therefore the technique is more time consuming.
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IV.4: MODEL BASED 3D POSITION ESTIMATION

The case of 3D object position determination using a model of
the object is discussed in this section. As explained above this
method requires the recognition of the object beforehund.
Considering the model and the scene of the object. the 3D position is
determined by computing the perspective detormuiions the scene
has been subject . This method is indirect and uses least-squares
estimation to find the object 3D position. -

This so called pose (Position Orientation and Scaling
Estimation) problem or LDP (Location Determination Problem) has
been the interest of comsiderable research. In section IV.4.1 we
define the pose problem and review the existing literature related 1o
the subject. Section IV.4.2 presents the geometric hashing technique
for model and scene point matching. Finally section 1V.4.3 deals with
the numerical solution 1o the pose problem.

+

IV.4.1 DEFINITION OF THE POSE PROBLEM AND LITERATURE
REVIEW

Model based 2D position estimation is a problem of fitzing «
model to experimental dara (the object image in this case). In fact. as
mentioned by Fishler and Bolles (in [Fish81] pp 381):

to a large extent, scenc  analysis is  concerned  with  the
interpretation of sensed data in terms of a set of predefined
models.

Fishler and Bolles go on to describe the data interpretation process
and divide it into two tasks:
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first, there is the problem of finding the best match between the
data and one of the available models (the classification problem):
second. there is the probiem of computing the best values for the
free parameters of the sclected model (the parameter cstimation

problecm).

The parameter estimation problem mentioned above. in our
case, corresponds 1o pose estimation. The parameters to be
estimated are the six degrees of freedom of the object. Generally,
these consist of three translational and three rotational parameters
(position and orientation). |

) . Object
Perspective projective

transformation

Model to abject
transformation,

Model -scene
transformation.

Model

Fig 1V.4 General scheme for 3D object positioning.

Fig IV.4 describes the general scheme of 3D object positioning.
After the scene has been recognized, an arbitrary 3D position for the
model is chosen. The 3D object position is defined by the geometrical
transformation. . called modei-object transformation. between the
model and the object. The model-object transformation is the
composition of a rotation and a translation in the 3D space. If Pm is a
point in the model and Po is another point in the object. we have:



Po=R.Pm +T O IV.S).

R 1s the composition of three rotations: one along the X axis, one along
the Y axis and one along the Z axis. Consequently R can be written as:

C_\.C}-.C7_+S}r.Sz ‘Cx.Cy.Sz'Sx.C{ Cx-S_\ \
R = SX-CYoCZ"'CX-SZ 'Sx.Cy Sz+Cx.Cz Sx.Sy (IV.9)
"'Sy-Sz ‘Sy-Cz C}'

where C and S respectively represent "cos” and “sin” operators. The
indices X.Y and Z stand for the angles of the rotation respectively
along the axes X.Y and Z. Note that R can be defined as the
composition of rotations along three different axes.

The translation T is defined by:

1 )
T=1T> (1V.10)
T3

As indicated in Fig V.4, the model scene transformation is the
composition of the model-object transformation and the perspective
transformation.

R and T ure computed as tollows: first a number of scene points
and their corresponding model points are matched. Then R and T uare
determined by minimizing a quadratic funcuion which calculates the
sum of the distances between the matched scene points and the
image by the model-scene transformation of their corresponding

points in the model. Note thut segments instead of points can be
matched.

Therefore model based position estimation involves two steps:

1) model or scene point (or segment) matching: and.



2) estimation of the model-object transformation by least-
squares minimization.

These two steps can be performed either successively or
simultaneously. In the first case. the point (or segment) matching
and the least-squares minimization steps are performed
independently ([Aru80], {Joo88]. [l?arSS]. (Faug90). [Fab88] and
[Dho891). These methods are based on the classical techniques for
parameter estimation. Therefore they have no internal mechanism
for detecting and rejecting gross errors. However, when a robust
matching technique 1is employed., gross errors are rejected
automatically {Gar90].

In the second case the least-squares minimization is performed
as the matching is made. After each matching, the new point
(respectively segment) correspondence is taken into account to refine
the 3D object position. To initialize the algorithm. a minimum number
of point (or segment) matchings are necessary to permit a first
estimation of the pose (in [Fish81] and [Faug86] a study of the
minimum number of point correspondences for pose computation is
carried out). Performing matching and least-squares minimization
simultaneously was first introduced by Fishler and Bolles |FishS81].
The advantage of using this so called RANSAC method (Random
Sample Consensus) is that it permits the filtering of duata which has a
significant percentage of gross errors. The method presented by
Faugeras er al in {Faug86] ( named HYPER: Hypothesis Prediction and
Estimation Recursively) to solve the 2D pose problem is also based
upon the same idea.

A review of the model-scene matching techniques and the
least-squares methods for 3D object positioning is further given.

The model-scene matching problem has been thoroughly
studied during the last two decades. Maiching model and scene
points (or segments) is used considerably in model based object
recognition. Because of the large amount of publications availuble.



it is difficult to survey all the existing techniques. In the following
we review only some of these.

Graph matching techniques |[Dav79] consist of cli_\-iding the
scene and the model contour into subparts. Using a local evaluation
function., for euach element in the template. a subset of object
elements that the template element may be associated with s
determined. Each association of a template element with a single
matching object element will correspond to a node in the associaton
graph. Graph matching techniques have widely been used in model
based pattern recognition, because of their suitability for
programming and their structural aatere that gives them posttion
and orientation independence. Some graph matching technigues are
probabilistic [Groe85].

The distance measure technique is 2 worth mentioning
segment matching method. It calculates an error norm {or distance
measure) between euach scene segment and  the corresponding
segment in the model [Faug36j.

Another recent point wmatching method is the geometric
hashing technique [Gav90]. This technique is based on the
principle that. assuming the lineafity of the perspective-
projective transtormation. the coordinates of any model point,
calculated in a frame related to the model. uare equal w0 the
coordinates of their corresponding scene points calculated in the
corresponding scene frame. This principle permits the determination
of model and scene point correspondences. The method is fust and
easy to implement. We have decided to use this point matching
scheme for our problem.

The least-squares minimization problem. which constitutes the
second step of the 3D positioning scheme previously described. is
known in the photogrametry literature as the exterior problem. It
consists of, given n scene points (respectively segments) and their

corresponding model points (respectively segments). finding the
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object 3D location for which the model points best fit the scene
points. As mentioned by Haralick and Joo (in {joo88] pp 383): " The
dissertation by Szczepanski (1958) surveys nearly 80 ditferent
solutions beginning with one given by Karlsruhe in the vear 18797,
This quotation indicates the importance and the complexity of the
pose problem. We classify the solutions in two groups: the
geometrical methods and the analytical methods.

The geometrical methods compute the pose by making
considerations on the 3D relative geomertric position of the model and
scene points. Examples of such analyses are presented in [Dav§S].
[Fish81] and |Dho89]. The advantage of using these technique is the
possibility they offer to physically understand the inverse-
perspective problem. As for the analytical methods, their
advantage resides in the possibility of using the well established
numerical techniques that exist for parameter estimation. One of the
best  publications that surveys analytical techniques tfor pose
estimation, is Haralick and Joo's paper [Joo88] in which three
numerical techniques for least-squares estimation of the pose are
described.

The first method described in [Joo88] (the one adopted for our
work) employs a least-squares firting algorithm of two 3D point sets
1Aru80] to find the best fit of a set of 3D points tmodel points) in u
set of 2D points (scene points). The method is iterative: at euch
iteration, in a first stage. the optimal range of each point in the scene.
assuming the rotation and translation which define the 3D object
position are known, are calculated. In a second stage. the scene point
ranges are supposed known and the optimal rotation and translation
are calculated using the method presented in [Aru80].

The second technique presented in {Jco88] finds the Ileast-
squares solution by linearization of -the least-squares function. The
method is also iterative. The solution is adjusted at each iteration
using a linearized model. Faugeras er al [Faug90] propose the same
technique using segment maiching instead of point matching.
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The third method presented in  [JooS8] employs muore
elaborated nonlinear regression techniques: the M-estimators, M-
estimators minimize objective functions more general than the sum
of squared residuals associated with the sample mcan. This method
s unfortunately time consuming.

Other methods which can not be classified as being geometrical
or analytical are worth being surveyed. Faber and Stokely |Fab38$|
use¢ a tensor based moment function to estimate the pose,
Faugeras et al [Faug86] use a Kalman filter 1o solve the
minimization problem and Davis er al {Dav88] match triangle pairs
in the model and the scene 1o do the same.

In the following two sections we present in detail the first and
the second step of the 3D object positioning scheme. In section V.42
we discuss the geometric hashing method for point matching and in
section IV.4:3 we describe the least-squares solution adopted 1o the
LDP problem.

IV.4.2: MODEL AND SCENE POINT MATCHING USING
GEOMETRIC HASHING

Geometric hashing is a general technique for model-based
object recognition. It represents a robust method where matching is
done on local features of an object. independent of the other features.
A voting scheme is used to evaluate a number of correct matches.
The object modeling phase of geomerric hashing consists of
describing the object by a set of points, called interest poinis,
which are such local features as physical points. line segments, curve
segments, etc., together with their geometrical relation. The sume
features. interest points, are extracted from the scene together with
their geometrical relations.



87

The purpose of employing geometric hashing in our case does
not consist of recognizing the binary symbols. Indeed these have
been recognized using a tree search (which is a much faster
algorithm). Geometric hashing permits one to match u number of
vertices in the scene with a2 number of vertices in the model. This
vertex correspondence will be useful in 3D position determination of
binary symbols. Consequently, interest points, in our case. will be
vertices localized on the boundary corners. In the following the
problem of geometrical relation is studied.

As - already mentioned the perspective projective
transformation can be considered linear when the object range is
considerably larger than its size. In the following analysis this
hypothesis is assumed true. The perspective-projective
transformation. assuming this hypothesis. is an affine transformation
which consists of an orthogonal projection of the object on the
viewing plane. As known. an affine transformation can be described
by 2x2 non-singular mamix A and 2x1 rtranslation vector b, mapping
vector X to vector AX+b. The transformation is fully determined by
three point to point correspondences. Given a set of points describing
the model and a set of points describing the scene. the guestion is: s
there un affine transformution which maps a subsel of scene points
onte o subset of the model points?

Let pg. p1 and p2 be three non-collinear points in 2D space and
let (p1-po.p2-pPo) be a basis spanning the 2D space with pg as origin
tsee Fig IV.5). The coordinates (a.b) of an arbitrary fourth point p
with respect to the chosen basis are given by:

p=a{p1- po) + b (p2- P0) + Po

If the whole system undergoes an affine transformation
T then:

T p=T ( a(p1-po) + b (P2- Pu) +po )



=a(T p1-T poy+ b (T p2-T po} + T po

b(ps - po)

Fig IV.5. Coordinates of a point in a threc point framec.

PREPROCESSING
Choese a basis triplet from the
model points. Compute the
coordinates of all other model
points with respect to this dasis.

ACTUAL MATCHING
Find the corresponding triplet besis in
the scene 10 the model basis, Compute
the coodineates of all other scene poinis
in this basis,

M atch the pair of scene and model points
which have close coordinates respectively]
in the scene and the model beses.

Flowchart [V.1.

where it can be seen that the coordinates of the transformed point
Tp with respect to the transformed coordinates system are still the
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same as those of p before applying T. In other words the
coordinates of points with respect to a basis are transformation
invariant. This is actually the key observation of geometric hashing.

The matching process is divided in two stages: preprocessing
(object representation) and  actual matching. In the preprocessing
stage a basis triplet is chosen from the model points and ‘the
coordinates of all other model points are computed with respect to
this basis. In the actual matching stage the three points
corresponding to the model basis triplet are determined and again
the coordinates of all other scene points are computed with respect
to this basis. The voting scheme for correct martches is achieved by
searching for the pair of scene and model points which have the
closest coordinates in the bases defined above. Flowchart {V.1
iltustrates this principle.

IV4.3: LEAST-SQUARES MINIMIZATION FOR LOCATION
DETERMINATION

With the software we have presented so far. we can recognize
the binary symbols appearing in the image and match a number of
vertices in each symbol scene with a number of vertices in the
symbol template. As mentioned in section IV.3, model based 3D
position estimation is based upon consideration of the geomerrical
deformations due to perspective. The pose estimation is made by
culculating the model-object transformation (see Fig [V.4) that
minimizes a quadratic error norm.

This section deals with the least-squares minimization for 3D
‘position estimation problem. In section IV.4.3.1 the mathematical
formulation for the LPD is made. section IV.4.3.2 will present the
numerical solution adopted and section V.3.3 deals with the singular
value decomposition problem.
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IV.A3.1 Maximum likelthood estimuation of 3D locution

Let pi.p2 . .. Pp be the observed 3D model points in the
Euclidean space and q1.92 ... 4qn be the corresponding 2D
perspective projections of the 3D points. The point correspondence is
made using the geometric hashing technique presented in section
IV.4.2. By applying the principle shown on Figure V.4 uand using
equatidn (IV.8), for each i less than n we have:

qgi= Ps. R.pj +T) (IV.11).

Where Ps is the perspective-projective transformation defined by
equation (IV.3) and R and T are respectively the 3D roution and 3D
translation defined in (IV.9) and (IV.10).

Obviously, equation (IV.11) is only valid in the ideal case
where the scene is not noisy. In reality we have:

gi= P.(R.pi+T) +w (IV.12).
where wj represents zero-meanvalue noise components.
E(w;)=0 (IV.13)

Equation IV.12 is a linear system with three unknowns: R, T
and wi. It should be noted. however, that wi's are random variables
and there is no way to compute R and T by solving (IV.12), We can

. - . m .
only estimate R and T given the set of observations [qi}l . Theretore

the problem of 3D position estimation is that of estimating the
model-object transformation based upon the set of measured data

[Qi};n-
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Estimation theory offers a large variety of estimators of which
performance varies according to the problem. We will use a
maximum likelihood estimator. This estimator provides estimares
R* and T* of R and T that maximize the likelihood function:

PC(ail] | (g 1)) (1V.14)

P is the probability density of {4:1;}rlrl given R and T. Note that this is

not. a conditional probability. It is the evaluation of the probability of

. m .
having {qi}; assuming R and T are tue.

The maximum likelihood estimator is generally biased.
However, it has the following interesting asymptotic properties:

- when the number (m) of samples increases. the
estimator is asymtotically efficient, i.e unbiased and of
minimum variance. It is proved that efficient estimators
have the smallest mean square errors.

- . m .
- if the observation vector [CIi}l is Gaussian., the

maximum likelihood estimator comes to a least-squares
estimator. Obviously., the latter is much more simple to
compute.

In the following we will show that under certain assumptions
we can make the second property applicable to our estimation
problem.

. m .
Assuming the measurements {qi}1 are independent we can

write:
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P( ({ai), | RTy=P U ail Ry (IV.135)

=1

The noise in each measurement gi is the cumulative effect of the
independent following stochastic processes:

1) the quantization noise; .
2) the segmentation errors due to uncoastant lighting

conditions; and
3) the errors due to suboptimal polygon approximation.

Each one of the enumerated noise sources is the result of many
independent stochastic processes. Under this assumption. the central
limit theorem permits consideration of the error on g1 as being

Gaussian.
On the other hand from equation (IV.12) we can write:
E(qi)=E( P(R-p; + T) }+E(w))
Using (IV.13) we éan write:
E(gi)= P(Rpi + T) (V.16)
Thus. gi is a normal 1id with mean-value
p'i =Ps(R.pj + T) (V.17)

and standard deviation s;:

' 1
PCailRTY = o

T

| . |
siexp [ - =5 (4i-p'i) - Wi-p'p | (IV.18)
25

1



We can write equation (IV.13) as:

P( [qi}m bRTY = rﬁ {,=1— exp ( -L.., (qi—p'i)T' Wi-p'i | IV 19y,
S R LN 2
Let s be:
m
s= 11 si- (1V.20)
i=1

We can write:
m 1 m .4 LT ,
P( {Qill I(R.T))= (@ m g exp( iE‘l . 32 @i-p'y) . {gi-p'p) | (IV.2D.
‘ i

m
Thus maximizing P( {qi},; '(R* T*)) comes down to minimizing:

m
! T
Ry = 2, 5 @-P'D) - @Qi-p'D) (1V.22)

Therefore, the maximum likelihood estimator. under the
assumed (Caussian noise, comes o a least-squares estimator
minimizing V.22,

In general, all the si's are considered to be equual. Nevertheless,
the quadratic function used is not that mentioned in (IV.22). Some
modifications have to be made so that the minimization function

conforms to the general form of quadratic estimators. Assume that
the vector (u;) is defined by:

wi= (g T . (IV.23)
f being the focal distance. We assume that d; is the distance to the

focal point of the object point (Q;) of which imuge is qy;. Using
equation IV.3 the coordinates of (O;) are determined by the vector:



d; : )
'fl u;. (IV.24)
Therefore the quadratic function to be minimized becomes as
indicated in (IV.25). Note that in equation (IV.23) the unknowns are

m
R, T and [d;}l

m .
2=SI®R.pi+T)- %‘ (G, £) 1% (IV.25)
i=1

In the following section we show the use of such a representation
and the numerical solution to the problem.

IV.4.3.2 The numerical solution ro the pose problem

1If the distances [di]r{'l in equation (IV.25) were known,

determining R and T would become a least-squares fitting of two 3D
point sets problem. This problem is solved using the single value
decomposition technique proposed in [Aru80]. Section [V.4.3.3
discusses the mathematics of this problem and proposes
simplifications for the case of planur objects. ‘

Conversely. it R and T are known. the compﬁtation of [cii}!lTl is

simply made by setting all the partial derivatives of z with respect
to (di) to zero.
8(2) '
—_ )
3d 0 (1V.26)

By substituting IV.25 in IV.26 and deriving the equations we obtain
the following result:



(qi.f) . (R.pi + T)
(ap.D) . (g;.0T

di= (IV.27)

. 0 | .
The case where R . T and [di}l are all unknown isa nonlincar

minimization and equation IV.25 can only be solved iteratively. As
mentioned above we are going to use the method presented in
{Joo88]. Note that extended Kalman filtering can be used to solve the
problem. Algorithm IV.1 shows the numerical solution to the
problem. At each iteration two activities are performed: first the

[di};-n are supposed given and R and T are computed using the

singular value decomposition technique presented in [Aru80| (see
section IV.4.3.3); second, given the computed values of R and T the
distances di's are determined using equation (IV.27). To initialize the
algorithm reasonable values of the di's are chosen. We decided to
take the same constant value for each point. It represents an initial
guess of how far the object is. In the sitvation we are dealing with,
since the objects are planar, the ratio scene perimeter-object
perimeter permits the calculation of this distance. Assuming the
distance of each point on the contour is a constant (d) and using
equation (IV.3) we have:

L V.28
o (1V.28)

[Ty Lo

Where Pgand Pmp are the perimeters of respectively the scene und
the object. Hence:

d;=d =ﬁ>li:?f-) | (1V.29)
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ALGORITHM 1V.1
1)Initialize the depth di of each point (see equation 1V.28).

2)iterate: Suppose the di's are given. Compute the new values for each di
by:

a) Finding R and T which minimize $nin equation V.25 using the
singular value decomposition technique [Aru80] (see section
IV.4.3.3}).

b) Finding {di}," using equation [V.27.

3) Compute Tq in equation IV.25. If Znis less than a boundary value
stop, otherwise go to 2).

An interesting property of the algorithm is the fact that the
residual error Zn is monotonously decreasing. In other words :

PINRP DI (IV.30).

In the following we give a proof of this property. The proof we
present is different and much simpler than the one presented in
1Joo88]. Indeed. by substituting (IV.27) in (IV.25). we have:

m (q;.0-(Rn.p; + Tn).(gj, T 2
2 =3 iIRp.p; + Tg) - 3 (e V.31
n=. s et (qi-DqiHT ( )
Rp+1 and Tp+) minimize the term:
A= T IR L api+ Tawl) - (9i.D-(Ro.pi = To)tgiD) " (IV.32)
n+1 2 n+l - A n+l (qi.f).(qi.t’)T Ky

Therefore:



A n+l< Zn (l\:.33)

WYAR Pi*Tpe m 1nint
= GiDARpw 1 pi* Te)) | minimize
(Qi.0.(qi. DT !

On the other hand, the terms-{ d;

the following term:

m d: ' o
an = '21" Rpa1 Pi* Toap - (F @i £yTn2 (1V.34).
i=

This implies:

>

‘_an+1<A n+1 (lV.SS)

Finally by combining (IV.33) and (IV.35) we show (I1V.30).

Using the initialization indicated above. the algorithm
converges within three to five iterations depending on how noisy the
binary symbol is.

IV.4.3.3 The least-squares fitting of two 3D point sets
using sigular value decomposition

IV.43.3.1 Introduction

It is worth recalling, at this stage, that the 3D object positioning
problem, formulated in section IV.4.3.1, consists of minimizing a
quadratic function defined by equation (IV.25). The parameters to be
estimated, when solving the pose problem. consist of a 3D rotation R.

a 3D translation T and the set of distances {d-,}rln. The minimization

task is performed using the iterative algorithm presented in [V.43.2
(algorithm IV.1). At each iteration of the algorithm, in the first stage,
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the optimal rotation R and translation T which minimize the

m
quadratic function (IV.23), knowing [d;}l are determined. In the

second stage, R and T are assumed to be known and the optimal set

()", which minimizes (V.25), is computed. In section 1V.4.3.2 we

presented the solution to perform the second stage of each ireration.
This current section deals with the first stage performance.

‘ m
Let us define a new set of 3D points {ri}; such thau

. di
=) (IV.36)
Mi'nimizing IV.25 when all di's are constant is equivalent to solving:

m 2
> = 3 IR.pj+ T)- nll” (IV.37).
i=1

Hence, the minimization of solving (IV.25) in this case comes down to

finding the least-squares fitting of two sets of 3D points {pi]rln and

{ril;n-

This problem has been addressed by Arun, Huang and Blostein
in [Aru80]. In section 1V.4.3.3.2 we present the solution proposed in
|Aru80]. In section 1V.4.3.3.3 we define the notion of singular value
decomposition and state the decomposition theorem and finally we
show_ihe simplifications made for the case of 2D objects. .
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IV.4.3.3.2 The numerical seolution 1o least-squares fitting of wo

-

ing_sets

Obviously the followirig equation holds for each i less than m.
n=R.pi+T+N; (IV.38)
Where Ni is the noise component.

In the same way we have operated in section IV.4.3.1, we can
assume that Ni is a zero mean-value random variable. This
assumption will allow 1o use a classical decoupling technique to
- separate the estimation of the rotation R from that of the translation
T.

We define two variables p and r as the respective average

values of {p;]lln and [rl};n:

m
p=(Um) X pj (1V.39.2)
i=1
m
r=(I/m) Yt (IV.39.b)
i=1

Substituting (IV.38) in (IV.39.b) we have:

- |
r=R.p+ T+ (I/m) > Nj (1V.40)
i=1

Assuming Ni is a zero mean-value random process and m is large we
can write: ‘

r=R.p+T {(IV.41).
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Let:

st

I

pi- P (IV.42.2)
and
ti=o5 -r - (IV.4a2.b).

If we substitute (IV.42.a) and (IV.42.b) in (IV.37) we have:
m 2
2= IR .pj+ T)- i
i=1
m 7
= > IR .sj+ Rp+ T - rll™=
i=1 |

~ Therefore:

m

-
> = Y IR .si-gl” (IV.43).
i=1

In this way we have reduced the estimation of R and T inte-iwo
separate activities: first the estimation of R by minimizing IV.43,

second the computation of T using the following equation derived
from IV.41: '

T=r- R. p (IV.44).

The 'minimization of IV.43 presented in [Aru80] uses the
singular value decomposition.

Let us derive equation IV .43:
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Since R is an orthogonal transformation we have:

R'.R=1I

where I is the identity matrix. Therefore we can write:

m

T T T -

2 =z si .Si- 2.4 . Rsi+y .y, (IV.345)
i=1

Finally, finding R which minimizes > s equivalent to maximizing:

=T
A=z i . R.s; (1V.36).
i=1

It is easy to see that:

L T
A =trace (D Rusiti )

i=1

= T
= trace (R. z Si.li )
i=1
Therefore: )

~

A =race (R. Q) | (1V.47)

where:
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m T
Q=2 si.i (IV.48).
i=1

Q is called the model-scene correlation matrix. We will show in

I e ]

section 1V.4.3.3.3 that there exist two orthonormal matrices U and V
and. a diagonal positive definite matrix 2 such that

Q=U.T.V' , | (IV.49)
The operation in (IV.49) is called singular value decomposition of the
matrix Q (see section IV.4.3.3.3). Because X is diagonal. positive
definite there exists a diagonal mawmix B such thau

T=8.8" (1V.50)
Therefore:

T : .

Q=(U.B).(V.B) (V.51
Thus assuming that bi are the column vectors of B:

trace R.Q) = tracel ((R.U).B)-(V.B)T]

= mace{ (V.B) ((R.U).B) }

= race{ B .(V'R.U).B)

m -
=3 bi' (VTR.U).b; (1V.52)
1=1

ST

bt (V R.U.bi) (1V.53)

i=1

Applying Cauchy-Shwarz inequality to IV.53:



103

m
race(R.Q) <= 3 IIbilLIV R.U.byl (IV.54)
i=1

. T . . .
It is clear that V R.U is an orthonormal matrix and therefore we cun
write:

T 2 -
lbill . IV R.U.bjll.= lib;ll (IV.33%)

Using (IV.53), (IV.54) and (IV.55) we finally can write:

& T, T T |
race(R.Q) = Y bi (V R.UNb. <= X b .bj (IV.56).
i=1

Equation (IV.56) shows that trace(R.Q) is bounded and that it reaches
its maximum when:

VIRU=1

or:

T
R=V.U (IV.57).

Therefore the least-squares fitting of two 3D point sets is solved
using algorithm IV.2,

Algorithm V.2,

1) Compute p.r using V.3.3.2.2 and si, ti using V.3.3.2.5.
2) Compute Q using V.3.3.2.11 and perform its singular value
decomposition (see section V.3.3.3).
— - 3} Compute the rotation R using V.3.3.2.20.
4) Computc T using V.3.3.2.7.
5) End.



In the following section we will show how to compute the
singular vaiue decomposition of the Q matrix .

correlation  matrix

In this section we are first going to state and prove the singular
value decomposition theorem [Grif89] and then decompose. for the -
particular case of planar objects. the model-scene correlation matrix
introduced in section 1V.4.3.3.2.

Note that the aim of camrying out the proof of the singular
value decomposmon theorem is that, through this proof, we can show
the plan of matrix decomposition calculation and thus be capable to
determine the form the decomposed matrix Q will take in the
particular case of planar objects.

IV.4.3.3.3.1: The singular value decomposition theorem.

Let A be ng n x n matrix. The square roots of the nonzero
eigenvalues of (A JA) are called singular values of A. Let v be 2
normalized ewenvector of (A .A) belonging to a nonzero eigenvalue
u. We can write ilA.vIl = u . Hence (A.vNu)ls a normalized vector,
Also (A.AT).A.V=A.(AT.A.V)=;.I..A.V. Consequently, (A.vl\/E) is a
nermalized eigenvect-or of (A.A).

The singular value decomposition is based on the property

stated above. The result is a generalization of. the (PDP )
factorization of a symmetric matrix.
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Theorem (The singular value decomposition theorem):

Let A be an (n X n) matrix of rank r, Then there are U and V such
that:

‘ T
A=UZV (IV.58).
where T is an (n x n) diagonal matrix with E,ﬁ......E" the r singular

values of A, and all other entries zero.

Proof.

T . . .
(A .A) is a symmetric matrix of rank r and has r orthonormal
£1genvectors vi, Vo, ... ., V¢ belonging to the nonzero eigenvalues pq,

K2y e . ur and (n-r) eigenvectors belonging to the zero eigenvalue,
giving an orthonormal set of eigenvectors vy, vo. ..... vn. Let V be the
(n x n) unitary matrix of columns vq. vo. ...... Vp.

Define uq. up. ...... up by:

uj= A.VJ‘/'\/ wj.  for j= L...r.

As explained in the beginning of this section the u's are

. . T . T .
normalized eigenvectors of (A.A ). Since (A.A ) is symmetric these
vectors are orthogonal. (uq. up. ... up) is extended to an orthonormal

basis (uq. us, ...... Up.....upq). At this point it is easy 1o see that
T .
(U .A.V)j= '\/ Bi- dij.  for l<=j <=n.

With aij the Kronecker symbol. This shows that A= U.X .VT.
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[V.4.3.3.3.2: The singular value decomposition of the
correlation matrix when the object is planar:

As mentioned in section IV.4.1 we have the choice to take any
3D position of the object model.” Obviously. it is preferable to take the
one that offers the most suitable computations. We assume the object
mode! is in the (O.x,y) plane of the camera frame (see Fig IV.5). In

this way, the model . points ‘{pi]rln have their z coordinate null.
. -
Hence. from IV.39 and IV.42, we see that all [si]1 have their z

coordinate null. Following this, the model-scene correlation matrix.
using 1V.48, has the following form.

m T
Q=2 sit
i=1

m [(Sxj
> {Syi} (txityitzi)

i=1 0

X X X
X X X (1V.59).
0 0 0

Equation IV.59 shows that the model-scene intercorrelation matrix
has its third row null. This simplifies the singular value
decomposition of Q considerably. Note that matrix Q has its third row
null because the third coordinates of all si's are null; this explains the
3D model position we have chosen above,.

We have to write Q in the form mentioned in (IV.49):

Q=U.T .V
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To be capable to calculate U and V., we have to follow the plan
indicated in section IV.4.3.3.1: calculate QT.Q. compute its eigenvalues
and eigenvectors and make V the unitary matrix having these
~eigenvectors as columns. The U matrix is also defined by its columns
which are equal to the product by Q of each column of V divided by
the square root of the eigenvalue of QT.Q this column of V belongs 1o.

A simple matrix maltiplication shows that (QT.Q) is a full
matrix. This makes the computation of its eigenvalues more
complicated. However, Q.QT has its third row and third column null.
Therefore, we will proceed by carrying out the singular value
decomposition of Q‘r and then, by simply interchanging U and V
matrices we have the singular value decomposition of Q. We give in
the following the results of the decomposition, the development
being fairly simple (solving a second degree equation and a second
order linear system).

Let:
T a b O
QQ =| ¢c d 0 (1V.60).
0 0 0O
We have:
U=[ul u2 u3] (IV.61}.
with:
c -e
= . 3.
ul [\/ — ‘\l — L0 (IV.62.a).
co+e” ce+e=
e c
7= . 2
u2=| \/ > '\l — 01 (IV.62.b).
c=ve co+e”

ul= [0.0.1} (IV.62.¢)
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where:
e=£ﬁ# | (IV.63)
and
A= (d-a)%+ 4 be -~ (IV.64),
As for V: .
V=[vl v2 v3] | ‘ (IV.65).
We have
vi= (QF al)Wera (1V.66.2).
v2= Q" w2)Nd-e (IV.66.b).
vi= vl x v2 (IV.66.¢c)

where (x) is the vector product between two VeCl1ors.

Hence, we see that the singular value decomposition of the
model-scene intercorrelation matrix, in the case of planar objects, is a
simple task of which computation should not be time consuming,

V) CONCLUSION

In this chapter were discussed some geometrical problems
related to locating -a window of consecutive binary symbol that
permits recovery of the absolute position of the AGV. It was shown
that, to avoid errors in placing such a window, it is necessary (o
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determine the 3D position of each binary symbol appeuring on the
image.

Two solutions :~» 3D binary symbol positioning have been
discussed. The first solution. the flat-earth technique. was originally
used in AGV road following. This technique assumes thar the puide-
path permanently belongs to an even plane. The second technique
proposed is more robust and makes no assumption about the
evenness of the guide-path. In this technique., an iterative method is
used to solve the pose problem for each code appearing in  the

image. The second method is more time consuming but has a better
robustness.
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CHAPTER V
SOFTWARE IMPLEMENTATION AND
EXPERIMENTAL RESULTS

V.1 INTRODUCTION

In this chapter, problems related to the software
implementation are discussed. The algorithms described in chapters
IIl and IV can be considerably memory and time consuming if the
appropriate data types and structures are not used. Such problems
are important and sometimes not. easy to solve. Because the
 programs manipulate huge amounts of data (hundreds of pixels in an
object boundary for instance) problems such as memory
fragmentation. memory saturation etc., can easily oceur. Also,
considering the fact that the pixel coordinates in the image are
integer numbers, the computations should be reduced. as much as
possible, to integer type operations in order to speed up the program
execution.

This chapter is structured as follows: section V.2 deals with the
software implementation and section V.3 presents some
experimental results.

V.2 SOFTWARE IMPLEMENTATION
In this section problems related 10 software implementation

are discussed. Each module of the software is independently
discussed.



The main module

This module contains the "main” program. Contour tracing,
polygon approximation, corner-vertex extraction, 3D pose estimation
and binary window positioning routines are called from this module.
The image is scanned left to right-top to bottom and every time an
object is encountered the contour tracing routine is executed. Only
objects having 'a number of boundary pixels ranging between 350 and
250 are eligible for further processing. This -avoids processing
objects which, because of their size, can not be binary symbols.
Polygon approximation, corner-vertex extraction and binary symbol
recognition are then performed. 3D position estimation is carried out
in the case the object is recognized as being a binary symbol., Once
the bottom right pixel of the image is reached the list of the
recognized binary symbols is sorted in the order they follow euch
other on the guide-path,

Situations where a new object is encountered are characterized
by the pattern "black pixel followed by a white pixel”. The white
pixel in this case, as far as the contour tracer routine is concerned.
constitutes the initial boundary pixel.

The scanning of the image is performed by using the auto
increment register of the frame board. The image is read by block
transfer using C interfacing commands. In this way the transfer is
done fast. |

The image segmentation by thresholding module

This "module provides the threshold selection and the image
segmentation by thresholding routines.
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The selected threshold is the grey-level value corresponding 1o
the local minimum that separates the two intensity modes on the
grey level image histogram. The image is thresholded by initializing
the lookup table. The latter is a part of the frame board device thut
maps the incoming dat (the grey level pixel values) to values set up
by the user. In this way the thresholding operatioh is  almost
instantaneous. |

The boundary tracing module

This algorithm has been described in detail in section II1.3.2.
Note that boundary points are memorized in the form of a stack of
chain code values. Each boundary pixel is. represented by the chain
code value between this pixel and the one coming next on the
boundary. This method permits saving a lot of memory space. The
chain code values in the stack follow the order of their corresponding
pixels on the boundary.

The polygon approximation module

This module includes the two steps involved in the polygzonal
approximation scheme we have adopted: scan-along and split and
merge polygon approximation, both using area deviation

The. pclygon segments are stored in a double linked list of type
POLY. The type POLY is a structure which includes the following
elements:

- the coordinates (x1.y1) and (x3,y2) of the endpoints P,

and P2 of the polygon segment Si;

- index i in the boundary stack of the polygon vertex Py;
- length L of the segment Si; "
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- area deviation Ajalong the segment Si:

_ segment error Ejalong S; which is equal to the absolute
value of the ratio between Aj and L;.

- integer flag indicating the most likely search direction
to take when adjusting the vertex position.

- integer indicating the index of the vertex in the list

In the scan-along algorithm. the first pixel on the contour is
generated as a ‘vertex. Then in a "while” loop the program traverses
the contour and calculates the ratio area deviation per segment
length. Note that instead of testing:

&<T

L; |
where Ajis the area deviation, L;the segment length and T is the
upper limit for are deviation per segment length the following test is
actually used:

2 2

This speeds up the performance of the vertex generation test. In fact,

as mentioned in section III.3.3.3 the square of the segment length is

: 2
computed incrementally and therefore we have access 1o L, rather

than L;. On the other hand calculating a product is faster than
calculating a ratio.

'In the case of the split and merge algorithm three basic
operations are performed: split, merge and vertex adjustment. The
total error norm we take, as mentioned in section [I1.3.3.4.b. is equal
to the fourth of the pointwise maximum error norm. 'In the case of
our application the maximum pointwise error is equal to one. This
means we don't allow the contour points to be more than one pixel
away from the approximating segment..
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During the split operation the segment having the maximum
error norm is split into two. The new vertex generated i3 halfway.
along the boundary, between the endpoints of the segment 1o split.
After the split has been performed the error norms along the new
segments are calculated using the incremental properties of area
deviation und segment length.

During the merge operation, for each segment i. the value Gi
the total error norm would take if segments i and i+l were merged is
evaluated. The segment list is sorted in the decreasing order of the
Gi's using the quick sort algorithm.

As regards vertex adjustment. a flag is used for each vertex for
the sake of speeding up the adjustment process. This flag indicates
the direction in which the vertex has been moved during its last
position adjustment. In practice, for the same vertex. this direction
seldom changes. In this way, by checking the flag value. only one
test, instead of two, can be performed to adjust the vertex position.

Note that error norm updating after a split. a merge or a verex
adjustment operation, when a classical error norm (the maximum
pointwise or the integral square error norm) is used is ume
consuming. In fact error norm updating constitutes the basic source
of time consumption tor the split and merge algorithm. In our case.
this -operation is carried out fast because of the recursive
~computation of area deviation and segment length.

The corner-vertex extraction module

This module includes three basic routines: polygon
decomposition, rrusion parsing and the semantic analysis.

Polygon decomposition serves to represent the object as a
union of subsets (clusters). The shape of the latter may be simpler
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and therefore some of the simpler descriptors will be applicable. The
method used. in our case. consists of the decomposition on the basis
of convexcity: pairs of concave vertices are related. Therefore the
boundary will be divided into substrings consisting of successive
vertices of the same angle sign.

For each cluster the trusion parser described in lII.D is applied.
This parser permits to locate the real vertices on the 'object
boundary. As mentioned in I[II.D the parser is a finite automaton
with a buffer of size four and using the "shift reduce™ parsing. The
bound of the buffer size is restricted on the production of BREAK. We
assume that the decision can be made whether a line is short or long
depending not only on the current line but also on the contents ot the
buffer.. The automaton is implemented by an algorithm (the function
trus()) where a "shift” (see section III.D) is replaced by a recursive
call o the algorithm it self. This calls a line detector routine and.
depending on the state, examines the length of its return, The
functions of "reduce” are performed by the subroutine sflush() (see
appendix II) which also performs a2 number of semantic checks. The
semantic analyzer sflush() decides if the pattern detected is a corner
or a line. In this way real vertices are exitracted from the polygonal
representation of the boundary.

In our case. since the symbols 'E' and 'H™ have right angle
corners, we take the parameter COLANG (the upper limit of the angle
between two collinear segments) equal to 45°. The paraumeter BREAK.
the maximum length for a BREAK segment is taken equal to 3.5.

The symbol recognition module

In-this module symbol recognition is carried o6ut using a tree
search. The segment list is sorted in the decreasing order of the
segment lengths. The quick sort algorithm is- used for this purpose.
After this, the ratio between the length of the second long segment



116

and the that of the longest segment is computed. In the case this
ratio is greater to 0.65 the symbol is eligible to be recognized as the
symbol ‘H' and other segment length features are checked. In the
case this ratio is smaller than 0.65 the object is eligible to be
recognized as the symbol 'E' and other segment length features ure
checked. '

The model-scene point matching module

In this module. mode! and scene points are matched using the
geometric hashing technique. The matched model and scene points
are used for the further determination of the 3D position of the
symbol. |

The model and scene reference frames for the symbols 'E" and
'H' are defined as indicated on Fig V.1 and Fig V.2. The choice of
these frames is based on the fact that the segments {po. pi] and {po.
p2} are the less noise affected (as far as their length and orientation
are concerned) boundary segments. In other words the model and
scene frame is required to have noise robustness.

So D

Pow

P2

Fig V.1. Frame defintion for the character 'E.
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Fig V.2. Frame defintion for the charucter 'H'.

For instance, Fig V.3 shows the worst case where the image of the
symbol 'E’ can be distorted. Note that, despite the considerable
amount of noise affecting the image, the orientation and length of
each one of the segments [po. pi1l and [po. p2] have remained almost
unchanged.

Po

Fig V.3. Worst case of image distortion for the character ‘E'.
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Note that locating po. p1 and p2 in the scene is a simple task.
Either in the case of the symbol 'H or the symbol 'E’. po.p1 and p2 are
the endpoints of the two longest segments of the boundary polygon.

After the scene frame has been determined, the coordinates of
all the scene vertices are calculated in this frame. For each scene
vertex, the model vertex having the closest coordinates in the model
frame is determined and the resulting pair of vertices is added to the
list of matching model and scene point pairs.

The model based 3D position estimation module

This module deals with model based pose estimation  as
presented in- section IV.4.3. Conformably to algorithm IV.1 the
program mainly involves the computation of the model-scene
intercorrelation matrix, its singular value decomposition and the
updating of the depth of each point. The singular value
decomposition is done fast by applying the simplifications introduced
in section [V.4.3.3.3.2. In fact. using these simplifications. the
computation of the singular value decomposition of the model-scene
intercorrelation matrix becomes straightforward and no iterative
algorithm is required.

Because the initial values of the point depths are fairly close to
the solution. the algorithm converges within less than five iterations.
At the end of the program the 3D coordinates of the symbol centroid
are computed and stored in a double linked list. |
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3D binary symbol position determination using the flat
' earth geometric model

As shown in section IV.3 this method assumes the guide-path
belongs to a planar surface. The algorithm is based upon equation
IV.7. Note that model-scene point matching is not required. This
method is straightforward and therefore faster than the model based
3D position estimation method. However, since no estimation is made,
the error in the output 3D locations is only a function of the extent to
which the flat-earth assumption is violated. Moreover, the camera is
in a fixed position relative to the body of the AGV. but the body of
the vehicle is able to rock forward and  backward on the.
undercarriage.

Pseudo-random window positioning

Positioning the pseudo-random binary window as well as
tracing the 3D profile of the guide-path in front of the vehicle
requires sorting the list of the recognized codes in the order they
follow each other on the guide-path.

In the sequel a search technique that solves this problem is
presented. This method is capable of sorting the binary codes even
when the path in front of the vehicle is not linear.

Sorting the list of binary codes is achieved by finding, for euch
code in the list, the neighboring codes on the guide-path. Two types
of neighbors can defined: first order and second order neighbors.
Two binary symbols are first order neighbors -if the distance that
separates them is equal to the constant distance d0 that separates
the codes along the guide-path. On the other hand, two binzlry:



Codes have only
ene first order
neighbor,
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Code having two first
order neighbors.

| mage.

Fig V.4, First order ncighbors.

1mage
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T

Because one of its neighbors
has not been recognized, this
code has one first order
neighbor and one second order
neighbor.

Fig V.5 Sccond order ncighbors.
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symbols are second order neighbors if the distance that sepuarates
them is greater than d0 .

Note that in the ideal case where the recognition process is a
hundred percent accurate, all binary svmbols. except the two on the .
border of the image, have two first order neighbors (see Fig V.34). In
the case where certain binary symbols have not been recognized,
some codes, other than the ones on the border of the image. will not
have two first order neighbors (see fig V.5). Second order neighbors
permit to determine the pseudo-random window position.

The sorting program sorts the binary symbol list in the order
they follow each other on the guide-path. In this list binary codes uare
represented by a structure defined as follows:

Structure BINARY-CODE
{

Type of code ('E' or 'H').

Coordinates in 3D space of the code centroid.
Order of neighborhood ( zero one or two).
Pointer to the next element in the list.
Pointer to prior element in the list.

]

The element "Type of code” in the structure indicates il the
code in question is 'E' or 'H'. The element "Order of neighborhood” is
initialized to zero. When a neighbor of the code is tound. depending
on the order of this neighbor, the element "Order of neighborhood” is
set to one or to two. The two pointers "next" and "prior” define the
rank of the code in the double liked list.

Algorithm V.1 describes the sorting scheme. Since the two ends
of the visible portion of the path appear in the image as the
intersections of the path with the image border, the top of the double
linked list will be the closest binary code to the border of the imuge.
The algorithm steps from binary code to neighbor while marking



each traversed code by setting the element "Order of neighborhood”
to either one or two. The marking operation avoids considering the
sume code as a neighbor more then once. The routine "Find-neighbor”
finds neighbors by searching for the closest. unmarked. binary code.

ALGORITHM V.1
FUNCTION Binary-Code-Sort ()

{

1) Find the closest code B to the -border of the image, and
define B as being the top element of the double linked
list. Set order of neighborhood of B equal 1.

2)while ( (B1= find-neighbor{ B )) not null)

{
Add B1 to the bottom of the list and set B to B1.
}
}
FUNCTION Find-neighbor { C)
{

1} Find Ci, for which the flag is equal to zero, that
minimizes the absolute value of d-d0; d being the
distance between C and Ci and d0 a constant indicating
the normal distance between two neighboring codes on
the track. '



2) If d-d0 is close to zero set order of neighborhood of Ci
to 1. Else set it to 2.

Once the binary codes sorted in the order they follow on the
guide-path, it becomes easy to trace the 3D profile of the track in
front of the vehicle and to position the pseudo-random binary
window. The reconstructed visible part of the track will be the piece-
wise linear 3D curve which joints the centroids of the successive
binary codes.

As for pseudo-random binary - window positioning, the seuarch is
based on checking the "Order of neighborhood” of each element in the
list and finding n successive binary symbols all having neighbors of
order 1 (algorithm V.2 explains it principle).

ALGORITHM V.2

FUNCTION Binary-Window-Positioning ()

{
1) Go to the top of the binary code list and set C to the
corresponding code; set counter to zero.

2) While ( bottom of list not reached)

{

2.1) if the order of neighborhood of the code is
equal to 1 increment counter. Else set counter to
zero and C to the. current code.
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2.2) if counter is equal n take binary window equal
codes from C to the current code. exit loop.

2.3) go to next code in the list.

V.3 EXPERIMENTAL RESULTS

‘The results discussed in the sequel have been presented in
[Kha9%0].

Fig 6 shows an image of the guide-path taken by the camera.
Obviously the binary symbols further away from the camera look
smaller in the image. Fig V.7 shows that the system has recognized
the binary symbols along the guide-path and generated the binary
numbers they correspond to ('E.' corresponds to 1 and 'H' to 0). Note
that even the far away symbols from the camera have been
recognized. Fig V.8 shows the reconstructed 3D profile of the guide-
path. Because the symbol 'E' is asymmetric it is possible to determine
the orientation of the guide-path . In Fig V.8. the arrows indicate the
orientation of the guide-path. The order of the pseudo-random
sequence in the cuse of our application is equal to eight. Note that
twenty four binary symbols have been recognized. In this case we
have 16 redundant codes. Because all visible binary symbols have
been recognized, positioning the pseudo-random window is a simple
task in this case.

Fig V.9 shows the case where an obstacle hides a portion of the
guide-path. Fig V.10 shows the recognized binary symbols. Note that
one visible binary symbol has not been recognized. This is due 10 the
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fzct that the presence of the -obstacle changes the grey lavel
hystogram distribution and, because the thresholding method used is
global, affects the recogmition process. Fig V.11 shows the 3D
reconstruction of the guide-path. Four binary symbols. among the
ones recognized. have second order neighbors. Nevertheless, we can
‘find thirteen consecutive binary symbols thut have first order
neighborhood. Hence the pseudo-random window can be located.

CONCLUSION

In this chapter problems related 1o the sofiware
implementation have been discussed. We have shown how
simplifications as well as’ spécial data types can be used to speed up
the program execution as well as to reduce its memory consumption.
In our belief not much improvement in time processing can be made
by trying to refine this software. We think most of the time
consumption originates in the data acquisition part of the processing,
that is the early image processing stage. A faster image acquisition
system is definitely required if better time periormances are needed.



CHAPTER V1

CONCLUSION

Automatic - visual guidance, nowadays. has become a classical
problem in AGV navigation. Quiet performing road as well as white
line following systems have been designed [Dick90]. However, the
problem of automatic AGV positioning has seldom been addressed in
the literature. The first implementation cof an efficient position
measurement system for AGVs was presented in [Petr89]. However.
in this implementation the navigation problem hax not been
considered.

A new AGV navigation system having, both. self positioning
and automatic guidance abilities was the subject of this thesis. The
vehicle visually follows a guide-path made of a sequence of binary
codes represented by two geometric shapes. The binary symbols on
the guide-path follow the order of a pseudo-random binury
sequence. Such a sequence has the so called window property which
permits recovery of the wvehicle absolute position along the code
track. Every time there is a need for absolute position measurement,
a camera mounted on the AGV takes a snapshot of the guide-path.
Assuming n is the order of the PRBS, among the codes appearing in
the image. n binary symbols are grouped together to make an n-
tuple which uniquely identifies the AGV position along the track.

Descriptions of the image analysis and pattern recognition
programs that permit binary symbol recognition have been
undertaken. The code recognition task consists of the originai image
by thresholding, tracing the boundary of each object in the image.
approximating each boundary by a polvgon, extracting vertices and



corners on each contour and finally recognizing the object using u
tree  search.

An original implementation of the split and merge polygon
approximation, which improves the run-time performance of the
algorithm, was presented. It consists of using area deviation per
segment length as an ‘error norm. The mathematical proof of the
validity of such an error norm was carried out.

For the sake of a high encoding resolution, the camera has to
cover a large number of codes in front of the vehicle. This causes the
binary'codes to have smaller sizes in the image and consequently
makes code recognition more difficult. For this reason we went 10
robust techniques, the syntactic corner-vertex extraction algorithm
for instance, although they may be more time consuming than other.
more simple, techniques. '

To be capable of locating the pseudo-random window
permitting absolute position measurement, it is necessary to compute
the 3D location and orientation (pose) of each binary code in the
image. This so called the inverse-perspective problem. has been
discussed in detail. A review of the existing solutions as well as the
different engineering applications where the problem is encountered
has been made. Note that in all pose estimation problems. an a prion
recognition of the object under inspection and its reference to a
specific model are necessary. Two methods have been discussed to
solve the i'nverse-perspectiv‘e problem. The first. called the flat-earth
geometric model method. is straightforward: it assumes that the
guidé-path lies on a planar surface. The second technique is more
general; it makes no assumption about the evenness of the surface of
the floor and estimates iteratively, using a least square algorithm,
the 3D position and orientation of each code. This second technique
requires matching a number of points in the scene with a number of
corresponding points in the model. This operation is made using a
recent structural matching technique called geometric hashing.
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Once the 3D position of each binary symbols has been
estimated, tracing the 3D profile of the visible portion of the path in
front of the vehicle becomes an easy task. The reconstructed visible
part of the track is the piece-wise linear 3D curve which joints the
centroids of all the binary codes.

In the experimental part examples of the system running have
been shown. Situations where the system can be induced in error
have been tested. We have tested. for instance, the case where an
obstacle hides a portion of the wack. In that case. because the camera
covers a sufficient number of redundant codes. the system hax been
able to recover its position.

A great deal of research is still to be made to improve the
performance of the system:

- implementation of an adaptive thresholding technique.
Because the camera covers a large surface of the floor, it
happens that the light intensity changes dramatically
within the same image and therefore a variable threshold
value 1is necessary;

- investigation of the possibility of a parallel
implementation. of the system:

- study of the problem of obstacle avoidance. A few
visual obstacle avoidance methods have been proposed in
the literature.[Dick90), [Vey86].

- design of a steering controller that uses the information
produced by the system proposed.

- use of the same constructions to obtain pseudo-random
sequences and arrays with entries which, instead of being
0's and 1's, are taken from the alphabet of g symbols. In
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that case more then two symbols will have 1o be
recognized by the visual system.
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APPENDIX I

Let L; (respet_:tively Li+1) be the length of the segment joining
the points Py and P; (respectively Pg and Pi41), Piand Pj4) being two
boundary neighbors as mentioned on Fig III.S. Therefore we have:

——

2 2 2
Lit1 = PoPinill =%y +¥%,y-  (AlLla)

—— ) i
2 2 2 -
L = UPoPill =x +y;. (A.L1.b)

We want to calculate Li2+1 as a function of Liz. Let us assume
the following additive model:
2 2 2
L, +1=_I'i +dL; (A.L2).

Using II1.4.a and III.4.b:

dXi= Xi+1-Xi ;
dyi= ¥i+1-¥is

2
we can compute dL, as follows:

2
L= i+ dx)2 + (v + dyp2.

2 2 2 2
= X +y +2.x;. dx; +2.yi- dyi +dxi +dyi .

2 :
Li + 2.x5. dx; +2.yi. dyi +dxi2+dy?.

Hence,



2 . . . 2 2
dli = 2X;. dx; +2-Y1- le +dxi +dyi .

In the same manner we have proceeded with area deviation,
. 2
we can draw a table, similar to table III.1, which locks up dL: for

each value af the chain-code. In this way the segrnént length

computation, like the area deviation computation, comes down to the
addition and subtraction of integers.
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APPENDIX II
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MAIN MODULE
ZRAXXXXTEXRLXXXXRXRRRNLE

This module contains the main program. Contour
tracing, polygon approximation, corner-vertex .
extraction, 3D pese estimation and binary symbol
list sorting routines are colled from this module.

kdefine BASE 0x0000
Mdefine SNAR BASE+0x066C
#nclude <stdlib.h>

Hnclude <dos.h>

#Hinciude <traceri.h>

vold scan();
extern tos;

malinf{)

{

int y,thre;
unsigned char bufl512);

/* FRAME BOARD INITIALIZATION */

£g_init{0x26c);
£g_chan(0);
£g_sync(l);
fg_sbuf(0);
£q_sbuf(l);
/* IMAGE ACQUISITION.*/
Inp(SNAR);

/*THRESHOLD SELECTION*/
thresh();
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/*START PROCESSING THE IMAGE*/

scan();

vold scani)

int re;

register Int x,y,b,addz,al;
XY c;

’*
Scan the image left to right-top to bottom.
74

£orx{y=1;y<=510;y+=5)
{

/*
Image read by block transfer. Setup the x and vy
aute-increment registers.
74
addr=£g_setxy(d,y);
forix=1x<=512x++)
{
=inp(addr);

Ve
Pattern "black pixel followed by a white"

c¢haracterlses a new object encountared.
x/

1f(b==100&&2al1==0)
{
fq_setind(255);
c=tracer{x,y);
/* ’
If the number of boundary pixels 1s not in the
range 50-250 discard the object.
*x/
if(tos>50 && tos< 250)
{
polygon(c.x,c.y,.4);
vertex_extraction();
fecognition():

addr=£g_setxy(x+1,y);
}



al=b;
} .
}

binary_code_sort();
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BOUNDARY TRACING MODULE
SRk ek Rk
/*

This module includes the contour tracing routine.
x/ .

#include <stdio.h>
Binclude <tracerl.h>

vold push(char);
chax pop();
int modulo(int);

int tes=0; /* tos is the index indicating
the top of the boundary stack.*/

. char point[MAX]; /* point 1s the boundary stack.*/

int hi81[2]={ a,0:,{,-1},{0,~1},{-1,-1},
{-1,0},{-1,1},10,1},{1,1}};

/* h 1s the array which converts chain code values
to x and y coordinates.
*/

XY tracer(int xx,int yy)

{
/*

This is the contour tracing routine.
x/

XY ;

Int first,found,s,s1;

int x,y,count;

Ved

INITIALIZATION.
*/

3;:30:?1’ =YY;

£lrst=0;



Vi
CONTOUR TRAVERSAL.
*/

while(first==0)
{ .
found=0;
count=0;

while(found==0 && count<=3)

{
Sl=modulo(S-1); ,
1£{£g_pixx(x+h[S1I[Q 1,y+h[S1]1011N=0}
{ .

x+=h{S1]I0];
y+=h{S1][1];
push(sl);
£g_plxw(x,y,200);
S=modulo(S-2);

found=1;
}

else if(fg_pixx{x+h[SI1(0],y+hI[s1(1])}t=0}
{ -

x+=h{S}{0];
y+=h[S1[1];
push(s);
fg_pixw(x,y,200);
found=1;

}

else if(fg _pixr(x+hl(Sl=modulo(S+1))1[01,y+h[S1I[1])!=0)
{

x+=h{g11(0];
y+=h[S11{1];
push(s&l);
fg_pixwix,y,200);
found=1;

}

else {
S=modulo(S+2);count++;l}



if(found==0){first=1;}
If(x==xx && y==yy)first=];

}
C.X=X;
C.y=Y;
xeturn c;
}
void pushi(char i)
. .
/*
This function adds a new element at the top
of the boundazy stack.
x/
if{tos>MAX)
{
printf("stack £ull™);
return;
}
pointltosl=i;
tos++;
}
char pop()
{
/2
This function retrives an element £rom the top of the
boundary stack.
x/
tos--;
If(tos<0)retuzrn 'n';
return pointitos}l;
1

_int modulolint 8)

int SR;



1£(s>=8)SR=5-8;
else 1£(5<0)SR=S+8;
else SR=S;

return SR;

float dot{float x1,fleat x2,8cat yl,float y2)

return l*x2+yl*y2);

float sign(float x)

1£(x>=0) return 1;
else return -1;

I
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/*
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POLYGON APPROXIMATION MODULE
RS2 I RIS T Y T T Iy

This module lncludes the polygon approximation routines.
It Involves the scan along and the split and merge algorithms.
*/

#include <stdlib.h>
#include <math.h>
#lnclude <tracerl.h>

extern char pointiMax];
extern int tos;

int counter;
extern int hiBI[2];

POLY *p0;
POLY *last;
POLY *LI(30];

float E,Emax;
Int XIMAX],YIMAX];

veid polygon(int x0,int y0,float thresh)

{
POLY *p;

scan_along(x0,y0,thresh);
split_srd_mexge();

p=p0;
while(p-)nexthNULL)

{

ang(p,p->next);
}

void scan_along(int x0,int y0,float thrssh)



{

/* . ‘
Scan along polygon approximatlon using area deviation.
x/

 POLY 2p,*pl;
register int §;
tegister char S;
register int xi,yi;
Int x,y1,x2,y2,%3,¥3;
register int 111,area2;
Hloat 3;

int al;
/* Intialisation®/

iI=tos;

last=NULL;
thresh=4*thresh*thresh;
£g_s=etind(255);

xd=yi=0;

areaz=0;

1=0;

/t
The first pixel (x0,y0) of the boundary stack ls

taken as a vertex. It is therefore stored in the vertices list.
*/

p=malloc{sizeof{POLY));
p->x2=x0;

p->¥1=y0;

p->£lag=1;

p—->i=1-1;
store_segment(p);

X[0]1=x0;¥[0]=y0;

/* In the following loop the area deviation is computed using
the incrimental property of area deviation. A new polygon
vertex 16 genexated whon the ratio area deviation per segment
length exeeds an upper. limit value.

x/

while((S=pop0)!="n" /* Read chaln code value S from stack
using the functioen pop.*/



{
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i-=;
areaZ+=dareald,yl,s); /*Update area deviation*/
1+=d4l(xd,yi,s); /*Update seqment legth*/

¥l+= =hisli0l;yi+= -hisSl{1); /*Update plxel coordinates=*/
X[il=xi;Y[11=y1; _

if{ (a=(float)(area2*areal)) > (float) (thresh*l)}/*Test on area

/*

deviation*/
{
/t
Generate a new vertex and append 1t to the polygon
vertex list
*/

p->x2=x1=xd+p->xl;p->y2=yl=yl+p->vyl;
p-rarea2=area2;

p~>1=L;
p-rerror=areal*areal/l;
x=yi=0;

areaz=0;

1=0;
p=malloc(sizecf(POLY));
p->x1=x1;p->yl=vy1;
p=->£lag=1;

p=>i=i-1;
store_segment(p);

}

The following test investigates the possihﬂ.J.ty of mexging

the last segment with the first one.

*/

1f(a< (float) (thresh*l))

{

K=p—>x1;yl=p->yl;
x2=p0->x1;¥2=p0->yl;
x3=p0->x2;y3=p0->y2;
al=(x2-x1)*(y3-yl) - (y2~-yLl)*(x3-xl1);
N=(x3-x1)*(x3~xV)+(y3-yl)*(y3-y1);

15(1>.3 && (float) (al*al)< (float) (threah*l))
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{
p0=>xl=p=->x1;p0->yl=p~>yl;
pb->flag=1;
p0->area2=a;
po->1=11;
p0->error=a*a/ll;
p->prior->next=NULL;
"}

else

{

p—>x2=p0~->x1;p->y2=p0->y1;

p->area2=areaz;

p->1=1; . |

p->error=areaz*areal/l;

} .

}

else

{
p=->prlor->next=NULL;
}

return;

void split_and_mergel)

{
/*

This is the split and mexrge routine.
x/

POLY *p,*pmax;
float emax=.5; /* emax is the maximum poinwlse error*/
fleat Fi, El,EJ;

int a/l,Jk.1;

Emax= emax/4; /* Emax ls the maximum total error norm. This
result £ollows the analysis made in section
II1.3.3.4.b*/

| /* initial total error norm evaluation.*/

‘p=p0;
E=0;

while(p!=NULL)
{
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E+=abs(p->error);
p=p->next;
}

/*
Split operation.
74

while(E>Emax)

{
pmaxsmax_error_segment();
split(pmax);

);

/* Merge operation
x/

p=p0;

i=0;
whiie(p-)next!=NULL)
{

/% Evaluation of the error norms Fi which would have occurred

if the ith and the (i+1)th segments were merged.
*x/
a=0;

1=0;

J=p->L;
k=p->next->next->i;

for(i=3;1<=ki++)
{

a+=darea(Xiil,Y[i]l,pointli]); /*Update area deviation*/
L+=d1(X(1),Y(1],pointli]); /*Update segment legth*/
}

Fi=a*a/l;

/t
Evaluation of the total erxor norm Gi if the ith and

the (1+1)th segments were merged.
*/

‘P->Gi=E+Fi- (p-derror+p->next->error);
LI[i)l=p;

1+4;
p=p->next;
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}

/* .
Sort Gi's in the decreasing order.
*/

sort_G1{0,1};
/% '

*/
fox(J=);1>=0;3--)
{
p=LI[1];
1£(p->Gi< Emax)
{
Ei=p=->error;
Ej=p->next->error;.
mexge(p);
for(k=0;k<=J-1k++) LIkI->Gi+=p~>error-El-EJ;/* Update Gl's of
nonmerged segments.*/

Merge all 'segments which have a Gi<Emax.

1

else J=-15;

}
/*

Vertex adjustment.
x/

vertex_adil);

}

void split{POLY *p)
/*

The split routine.
*/

{

int L,3k;

POLY %pl;

int al,az2,l; -
float e;

I=p=>ik=p-dnext->i;
/* '
The segment is split'by inserting a new
element in the vertex list. -
x/
e=p=>error;
pl=malloc(sizeof(POLY));
pl->next=p->next;
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pl->next=->prior=pl;
pi->prioxr=p;
p=->next=pl;

/*
The new vertex takes the place of the pixel wich 1s
half way, along the boundary, between the two endpoints
of the segment to split.

x/

pl->i=(3+k)/2;

Wi
Updating the segment error norms,
lengths and area deviations.

* / :

' al=0;

1=0;

fox(i=3;i<=(J+K)/2;i++)

{

al+=darea(X{i],¥[i]l,pointlil); /*Update area deviation*/
1+=d1(X[il,¥li),pointlil); . /*Update segment legthx/

}

p->areaz2=al;

p->1=1;

p->error=al*al/l;

az=0;

1=0;
fox(i=(J+k)/2;4<=k;1++)
{

az2+=darea(X{i],¥(il,pointli]);
1+=dltxlil,¥[il,point[m;
pl->areaz=a2;
p=>1=1;
p->error=a2*a2/l;

/*

./ Updating the total error norm.

E+=p->error+pl->error-e;

POLY *max_error_segment()

/*
This fuction finds the polygon segment
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with the maximum error norm.
*/

POLY *p;
float emax=0;
POLY *pmax; -

p=p0;

while(p!=NULL)

{ .
if(p->errorremax){emax=p->arroxr;pmax=p;}
p=p->next;. : ‘ '

}
retuzn pmax;

}
void sort_Gi{int first,int last)

/*. :

This function sorts the vertex lst In the decreasing
ordercf the Gl's. It uses the quick sort algorithm.

x/

{
int 1,3;
float pivot;

if(firstast)

{

pivot=LI[first]->Gi;

i=first;

j=last; . -

while(i<))
{
while(LI[1]=>Gi>=pivot && il=last) i++;
while(LI[J]1->Gi<=pivot && Ji=first) j--;
1£(i<j) exchange_Gi(i,});
} .

.exchange_Gl{fixst, i);
sort_Gl{first,3-1);
soxrt_Gi(j+l,last);

1
return;
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}
vold exchange_lelnt Lint 3§

{
POLY *3;

a=LIM);
LI[11=LI(3]);
LIlJ)1=a;

}

vold merge(POLY *pi)

/'.l.‘
This function merges the segment pi with next segment
in the list,

x/

{

int At.2;
float a;

int xp,ypxi, yixn,yn;
POLY *pp;

pp=pl->next;

Xp=pp->x1;yp=pp->yl;
x=pi->x1;yvi=pi->yl;
xn=pi->x2;yn=pi->y2;

7

New area deviation and segment length computation.
*x/
At= (d-xp)*(yn-yp) - (yi-yp)*(xn-xp) ;
1=0m-xp)*(xn-xp)+(yn-yp)*(yn-yp);
a=(float) (At+pi->area2+pp->area2);

/t
Segment merge

*/
Pi->xl=xp;pi->yl=yp;
pl->i=pp->{;
pi->area2=(int) a;
pi->1=1;
pi->error=a=*a/l;
pi->flag=pl->£flagqg;
pl->prior=pp->prior;
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1£(ppl=p0)
pp—->prior->next=pi;
else pO=pl;

}

\foid Qertex_ad:}()

/*
This routine loops through the contour by stepping
from vertex to vertex and performing a single vertex
adjustment.

*/

{ ‘ o
POLY *p,*pl;
int 1,3;
float a;

counter=l;/* "countex® indicates the number of adjustments
performed.If noc more vertex adjustment be made
the program stops.*/

while{(counter!=0Q)
{

p=p0->next;
pl=p0;
counter=0;

while(p!=NULL)
t :

single_vertex_adjlp,pl);

pl=p->next;

i£(plI=NULL)

p=p->next->next;

else p=NULL;

}

}

void single_vertex adj{POLY *pi,POLY %pp)

/*
This routine, called £rom the function vertex_adjustment,
adjusts the position of one vertex.

*/

{
int F1,F2,dA1,dA2,dA3,424,311,812,d13,d14;

-~ int xp,yp,xl,yixn,yndxl,dyl,dx2,dy?2;
iInt 5,50;
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/t
Start by defining three successive vertices:Pp,Pi,Pn. Pl
is the vertex to be adjusted.

x/

w=pi->x1;vi=pi->yl;
m=pl->x2;yn=pi->y2;
Xp=pp->xi;Yp=pp->YL;

/*
Computation of the area deviation variation when the
vertex Is moved to the following neighber on the contour.
x/ .
if(pi->flag==
{

S=point(pi->1];

dal=dareald-xp,yi-yp,S);
da2=darealxn-xi,yn-yi, s);
/* '
Computation of the total error norm variation
*/

Fl=(pi->area2+dA2)*(pi->area2+da2) - (pl->area2*pi->area2)
+ (pp->area2+dAl)*(pp->area2+dal) - (pp->areal*pp->areal);

1£(F1<0) /* Case where moving the vertex
has decreased the total erro norm.*/
{ )

pl->f{-~;
Pi->x1-=h(SI[0];pp->x2=pl->x1;
pi->y1-=h(SI1l;pp->y2=pi->yl;;
pi->area2+=4A2;pp->area2+=dal;
pl=>1+=dl{xi-xn,yi-yn,Ss);
pp->1+=dl(xi-xp,yi-yp,S);
counter++;

zeturn;

}

/t
Computation of the area deviation variation when the

./ vertex 13 moved to the preceeding neighbor on the contour.

‘S=point{pi->i+1];

dA3=darea(xi-xp,yl~yp,50=modulo(S-4);
dA4=darealn-xi,yn-yi,s0);
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/t
Computation of the total error norm variation
t/ .t

F2=(p1->area2+da4)*(pi-)area2+dA4) - (pl->area2*pi->areal)
+ {pp->area2+dh3)*(pp—>area2+dA3) - (pp—)azeai’*pp—)a;eaz);

1£(F2<0)
{

pi—>i++;

pi->x1+=htS]t0];pp->x2=pi.->x1;;
p1->y1+=h[Sln];pp—>y2=pl—>y1;;
pi-)area‘2+=da4;pp->azea2 +=dA3;
pi—>1+=dl(>d-mpyi'¥n,SO):pP—>l+=d1(>d.-xp,yi—yp,s0);
pi->flag=2;

countex++;

return;

}

else 1£(pi->flag==2) {pi->flag=1;vertex_adilpl,pp);}
}

void store_segment( POLY *p)

{

/'!
This funtion appends a new element to the segment
list. :

x/

if(Nast) last=p0=p;
else last=->next=p;
p—>next=NULL;
p->prior=last;
last=p;

}

\{roid ang(POLY *pi,POLY *pp)

’* .
“This function calculates the angle between two

i succesive segments in the polygon.
/

int xi,yixp,ypXn,yn;
float Ct,Si;
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Xp=pp=->x1;¥yp=pp->yl;

xi=pi->x1yi=pli->yi;

xn=pl->x2;yn=pl->y2;

Ct= (float) ( (xi-xp)*{xn-xd)+{yl-yp)*(yn-vi) );
Si= (float) ( (xi-xp)*(yn-yl)-(vi-yp)*(xn-xi) );
1f(Ct==0)

pl->ANG=sign(sSi)*3.14/2;

else 1£(Ct>0)
pl->ANG=atan(sSi/Ct);

else
pi->ANG=atan(si/Ct)+sign(si)*3.14;

H

int darea(int xi,int yiint S)

{
/%

This function calculates the area deviation variation.
x/

int 3181;

J0I=y10)=yi+ad ;3 2] =4 AL 3 1=l - yi ;3[4 =-y1;
IS I==(yi+x1);3(61==x1;31 T)=yi-xi;

return (Jisl);
}

int di(int xi,int yi,int §)

{

/t

This function calculates the segment length variation>

*/
int Jji8};
JIO]=1-2*xi;:l[1]=2+2*(yi-xi):j[2]=1+2*y1;j[3]=2-i'-2*(x1+y1);
jl41=1+2*x1;j[5]=2+2*(xi-yi);j[6]=1—2*y1;:.‘t7]=2-2*(yi+xi);

return (Jis));
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/*
‘2232 FLII TSI SR RS A A ELE LS L
CORNER-VERTEX EXTRACTION MODULE.
AAREARRLTRRTERTAXRRRX KX RR TR L Rk Ak
Vad

This module includes three basic routines: the polygon
decomposition, the trusion parser and the semantic analyser.

*/

#nclude <tracezl.h>
knclude <math.h>
#include <stdllb.h>
kinclude <dos.h>

. extern int X[1,¥I1;
extern POLY *p0;
SEGMENTS *30;

SEGMENTS *lastj=NULL;
float BREAK;
float COLANG;
int state;
int IS;
LINES L1,L2,L3,L4;
int xm,ym;
void poly_decomp()
/t

The polygon decompeosition routine serveés to partition the
boundary into parts where the concavity is constant.
*/

{
POLY *i,*11,*i2;
int sig;

'sig=sign(i0->anq);
1=p0; .
11=p0;

sam=X[i~>1);ym=¥[1->1];
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forx(;;

£

while(i->next!=NULL&&sig==sign(l->ang)}i=1->next;
/*

*x/
12=);
1£(12!=i1->next)
{
state=0;
/%
Apply the parser for trusion to the part of the contoux
that has a constant concavity.
*/
trus{ii->Ind,12->1nd);

.}

Search for the vertex where concavity changes.

if(i->next==NULL)break;

=y;
slg=-sig;
}

veid trus{int i1,int 12)

/!
Parser for trusion.
x/

{
LINES Un;
BREAK=3.5;
COLANG=30*3.14/180; *

lin=1ine(11,12,COLANG);
Lf(lin.ret!=1){return;}

/x1x/
IS++;

Switch(state)
o
/%2*/ . case 0:
/*
This is the case where one line has been found.
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*x/
state=1;
Ll=1in;
trus(1s,12);
return;

/x3*/ case 1:

/% This is the case where two lines have been found. If the
second

line is smaller then the first one "trusion" is called again to

extract the following line. If not, elther a corner or a line

has been found and the result ls analysed by sflush.
*/

L2=1in;
1£(L2.3eg.L<BREAK)

/x4x/ {
state=2;
trus(Is,i);
return;

}

Ve t-174 else
i
sflush(state);
state=];
Ll=lin;
trus{is,i2);
return;
}

/x6x/ case 2:

/* '
Case where 3 lines have been found. Either the second line is
a break and the three lines make either a corner or a line, or
the third line is short and a fourth one 1s needed in order to
recognize the pattern.

x/
L3=1in;
1£(L3.3eq.L{EREAK)

/1) {
state=3;
trus(Is,12);
return;

}

/xX8x/ else
{
sflushistate);
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state=1;

Ll=1lin;

trus(ls,i2); .
return; ‘

}

/*3*/ case 3

/

Four lines have been found. Two situations may occur: elther
the last line is a line (happens very seldom) or the pattern
iz a elther a corner or a line having two breaks in the middle.

L4=1lin;
1£(L4.seq.L>max(L2.seqg.L,L3.seq.L))

*/

/*10%x/ {
. sflush(state);
state=];
Ll1=1in;
trus(1s,i2);
return;
}

/xiirs else
i
state=4;
sflush(state);
IS++;

trus(Is,i2);
return;
}

vold sfiush{int state)

Vid

This function ls a semantic analyser. It decides If the pattern
. I= a line or a break.

{
statlec int ind=0;
float ang,si,co,e=45%3.14/180,¢c,%;
SEGMENTS *J;
int al,a2;
float 1;
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*x/

/!

*/
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switch(state)
{
case 1:

Computation of the angle between the two lines,

x=dot(Ll.seq.al,L2.seg.al,Ll.seg.a?,L2.seq.a2)/(Ll.seq.L*L2.5eq.L);
1£{fabs(x)>=.99) ang=acos(sign(x)*.99);
else ang=acos(x);

if{ang<e) /* Case where the pattern is a line*/
{

Ind++;
}

else /* Case where the pattern is a corner.

Generate a vertex.x/
{

al=Ll.xc=-xm;; .

a2=Ll.yc~-ym;;
I->x=(Ll.xc+xm)/2;
J=->y=({Ll.yc+ym)/2; '
j->L=1l=sqrtidot(al,al,a2,a2));
j->ang=acos{al/l)*=ign(a2);
xm=Ll.xc;ym=Ll.yC;
dlstorel_freel(’l);

}

break;

case _2:

Computation of the angle between the first and the last lines.
x=dot(ll.seq.al,L3.seqg.al), Llseqg.a2,L3.seg.a2)/(Ll.seq.L*L3.seq.L);
1f(Eabs(x)>=.99) ang=acos(sign(x)*.99);

else ang=acos(x);

,1£(ang<e) /* Case where the patter is a line.*/

{
ind++;
}
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else /*Case the pattern is a corner.
A vertex 1s generated.®/
{

al=Ll.xc-xm;;

a2=LlLyc-ym;;
1£{(J=pop_to_seqg())==NULL)
J=calloc(size o0 £(SEGMENTS),1);
J->x=(Ll.xc+xm)/2;
J=>y=(Llyc+ym)/2; _
J->L=l=sqrt{dot(al,al,a2,a2));
J->ang=acos{al/L*sign(a2);
xm=Lixc;ym=Ll.yc;
distorel_£reel(jl);

ind++;

}
break;

case 3:
/*

Computation of the angle between the flrst and the last lne.
x/

x=dot(L1.seg.a1,L4.seg.al,Ll.seg.a2,L4.3eg.a2)/(Ll.s_eg.L*L4.seg.L);
1£(£abs(x)>=.99) ang=acos(sign(x)*.99);

else ang=acos(x);

1f(ang<e5/* Case where the pattern s a line.%/

{
ind++;
}

else /* Case where the pattern is a corner.
A vertex is generated.x/

{

" al=Ll.xc-xm;;
a2=Ll.yc-ym;;
j=calloc(sizeo£(SEGMENTS),1);
J=>x=(Llxc+xm)/2;
J=>y=(Ll.yc+ym)/2;
J->L=1=sqrt(dot(al,al,az2,a2));
J->ang=acos(al/l)*sign(a2);
am=Ll.xc;ym=Llyc;
distorel_freel(jl);
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ind++;
}
break;

default:break;
}

LINES linefint il1,int 12,float CCLANG)

This function, by calculating angles, finds a vertex 1 between
11 and 12 such that (11,1) is a line and (11,141 is not.

LINES 1lin;
VERTICES *!;

Int xcl,yel,xc2,yc?;

1111 2) Ain.ret==1;xeturnlin);}
1=10;
whﬂ’e(l->ind<11)1=i—->next;

xcl=X{i->3};
ycl=Y1li->J31;

while(i->ind<i2 && fabs(i->ang)<COLANG) i=i->next;

xc2=X[1->k1;
yc2=Y[i->k);

Un.seq.al=ycl-yc2;

lin.zsg.a2=xc2-xcl;
lin.seg.L=sqrt(pow(lin.seq.al,2)+pow(lin.seq.a2,2));
lin.xc=xc2;

lin.yc=yc2;

lin.xet=1;

Is=i->ind;
1£Qin.seq.L<.1){1in=1ine{IS,12,COLANG);xeturn(lin};}
return(iin);
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vold dlstorel freel(SEGMENTS *J,int £)

1f(E==

{

1f0ast)==NULL){30=3;}

else lasti->next=3;

J->next=NULL;

J->pricr=lastj;

lasti=J;

}

else i£(f==2)

{

while(last}!=NULL)
{
push_to_seg(lastd));
lastj=last}->prior;
1
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SYMBOL RECOGNITION MODULE.
EXRXFEXETRLERLRX R RRR RN RN

In this module symbol recognition is carried out using
. @& tree seaxch.
Ny

f#include <stdlib.h>
#include <conlo.h>
#include <tracerl.h>
#include <math.h>

POLY *A[30];
extern POLY *p0;

extern void E_vote();
extern void H_vote();

vold recognition()

e
This is the symbol recognition by tree search function.
®/

{
float a,al,a2,a3;

int 1xp,xplxp2,yp,YPl.YP2,xa,ya,3;
POLY *p,*pl; .

’* . ‘
Initialization of the matrix A which contains the pointers to the
boundary vertices of the symbol.

x/

p=p0;
i1=0;
while(p!=NULL)
{
Alll=p;
I+s;
p=p->next;
}
/'!
The Ust of polygon segments ls sorted In the decreasing order
of thelr length. The quick sort algorithm is used for this
purpose.
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x/
quicksort{0,i-1);

a=(float) (AL0]1->1);

1f{(al=(Eoat)(Al11->1)) >.65*a) /* Test if the ratlc between
the length of the second longest
segment and the longest segment is
greater than 0.65.*/
/% {
In the affirmative case the object 1s eligible to be the

symbol 'H'. A few other features of the symbol 'H' will
have to be tested then.

*/

a2=,50*3;a3=.08*3;

1Iff{al=(Eloat){Al2]->1))<a2 &5 al>al

&& (al=(float)}Al3]->1))Ka2 && al>a3

&& (al=(Bloat)}Al4]->D)Ka2 && al>al

&& (al=(float)AlS]l->))Ka2 s& al>al)
{

/x .
The obJject is recognized as the symbol 'H'. Perform model-scene
segment matching by geometric hashing.
x/
B_vote();
}

}

else if(al<.6%*a || al>.15%a) /* Test if the ratic between
the length of the second longest
segment and the longest segment is

smaller than 0.6 or greater than
015.x/
{

/* :
In the affirmative case the object is eligible to be the

symbol 'E'. A few other features of the symbol 'E' will
have to be tested then.

*/

a2=,65%3;a3=.12*3; .

f({ali=(float)(All]->N<a2 && aldal

&& (al=(float)(A[2]->1))<a2 && al>a3l)
{
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a2=.4*3;a3=.07*3;
if{tal=(float)}al3]l->1))Ka2 && al>a3
&& (al=(float)(al4l->1))<a2 && al>A3l
&§& (al=(float)(Al51->D))<a2 && al>a3
&& (al=(float){Al6l->l))ka2 && al>a3d)

{
/*
The object is recognlzed as the symbol 'E'. Pexform model-scene
seqment matching by geometric hashing.
: 4 / ’
E_vote();
}

}
}

else return; /* Return In case the object is recognized as
as not being a binary symbol.*/

void quicksortiint £irst,int last)
/*

Quick sort algorithm.
x/

{
Int 1, J,plvet;

1E(flrstClast)

{
plvot=A[first]l->1;
iI=first;

j=last;

while(i<J)
{
while(Al11->D=pivot && ll=last) i++;
while(A(jl->1<=pivot && j!=first) j--;
1£(1<3) exchange(l,d);
}

exchange(first,));
quicksort(first,]-1);
quicksort(J+l,last);

} ' -
return;



}

vold exchange{int

{

POLY *a;

a=Aalil;
Alll=Ald1;
AlJl=a;

iint 3
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/*

*/

/x*

*/

{

/*

x/

/*
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MODEL-SCENE POINT MATCHING MODULE
EREREXXEXREXREZRRREFE XL TR R T R R LR

In this module model and scene points are matched using the
geometric hashing technique. The matched model and scene points
are used for the determination the 3D position of the symbol.

#include <stdlib.h> |
$include <tracerl.h>
#include <math.h>

void E_vote();
void H_vote();
vold E_model();
vold H_model();

extern void pose_from_perspective();

SEGMENT E1[12];
SEGMENT H1112];
SEGMENTL E2[12];
SEGMENT1 H2(12};
extern POLY *A{30];
SEGMENT1 MS[12)(2];

vold E_vote()

This function performs point matching for the letter 'E'.

int x0,y0,vIx,vlYy,v2x,V2Y XD,YPsX,Y;
int L,3;

int ind;

float xpl,ypld,yl;

float 4,d40,det,a;

The meodel of the symbol ls loaded into memory.

E_model();
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Define frame related to the scene (three polints are required).

*/
v2x=A[0]->x1-A[0]1->%x2;
v2y=A[0]1->¥1-Al0]->y2;
vix=All]->x2-Al1]->x1;
viy=Alll->y2-alll->y3;

1EH{ALI0])->x2-All]->x1)*(A[0]->%2-A[1]->x1)>10)
{ .
VZx=-v2X;v2Yy=-v2y;

}

x0=A[0]1->%2;y0=Al0]1->¥v2;
det=(float) {vix*v2y-viy*v2x);

for(1=04<=6++)

{
/t
Compute the coordinates of each scene vertex in this frame
*x/
xp= (Ali]->x1+alil1->x2)/2;
yp= (ALI->yl+Alil->y2)/2;

xpl= dotl xp~-x0 , véy » YO-yp , v2x ) /det;
¥pl= dot{ x0-xp , vly , yp-y0 , vix } /det;

/t
Find, in the model, the vertex that has the closest coordinates.
x/
d0=2.0;
for(j=0;3<=6;3++)
{
d=dot{xpl-El{l.x,xpl-EllJl.x,
1£{d<do) { d0=a ; ind=3; }
}
/'.t

. Store the matching model and scene points in the array Ms.
/

x=A{l]->x1;y=Alil->y1;

xl= dot( x-x0 , v2y , yO-y , v2x ) /det;
yl= dot( x0-x , vly , y-y0 , vix ) /det;

if(dotla=x1-E2(indl.x1/10,a,a=y1-E2{ind1.x1/15,a) <
dot(a=xl-xpl,a,a=yl-ypl,a))
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{
- MS[1)[0].x1= E2[ind}.x1;
MS[11(0).yl= E2[indl.y1;

MS[i0).x2= E2[indl.x2Z;
MS[11i0l.y2= E2[indl.y2;

}

else
{ .
MSIi1{01od= E2(indl.x2;
M5I11{01.yl= E2{indl.y2;

MSiill0]l.x2= E2{indl.xl;
MS[L1[01.y2= E2{ind).y1;
}

MS{I1l.d= Alil->x1;
MS{1I[1l.yl= AlLl->¥y1;
MSU11{11.x2= A[ll->x2;
MsSHilil.y2= Alll->y2; -

}

MSHAI)XA=MSIi11].x2=MS[i1[1].y1=MS(1}{1].y2=-1;
/t

Perform pose estimation.
*/

pose_£from_perspective();

vold H_vote()
/t

This function performs point ratcning for the letter 'H'.
*/ )
{ ‘ L

int x0,y0,vix,viy,v zx:VZfoPrYPrxtY ;

int Irjlind'

float xpl,ypl.:d,yl,
float d0,d,det,a;

!t
, The model of the symbol iz loaded into memory.
x
H_model();
/* :
Define frame related to the scene (three points are required).
*x/



A=

v2x=(A{0]->x1-A[0]->x2);
v2y=(A[0]1->yl=-A[0]-0¥2);
vix=(Al1]->x1-Al0]->x2);

viy=(A[l]->yl- A[Q]->¥2);

x0=A[01->x2 ; y0= AlQI->y2;
det=vIx*v2y-viy*vix;
Lor(i=0;i<=5++)

‘ . .

/% _
Compute the coordinates of each scene vertex in this frame.
!/ .
xp= (AlLl->x1+Al11->%2)/2;
yp= (Ali)->y1+Alll->y2)/2;
xpl= dot( xp-x0 . v2y , yO-yp , v2x } /det;
ypl= dot( x0~-xp , viy , yp-y0 , vix ) /det;
/!
Find, in the model, the vertex that has the closest coordinates.
*/
d0=2.0;
£ox(d=0;3<=5;3++)
) {
d=dotixpl-HllJloe,xpl-H1lJl.x,
1£(4<d0) { d0=d ; {nd=3; }
}
/*

Store the model and scene métch.‘.ng polints in the array Ms.
*/ -

x=Ali]=->x1;y=Al11->v1;

= dot( x-x0 , v2y , yO0~y , v2x ) /det;
Yi= dot( x0-x , vly , y-y0 , vix ) /det;

1f(dot(a=x1-H2(ind1.x1/10,a,a=yl-H2[ind].y1/15,a) <
dot(a=xi-xpl,a,a=yl-ypl,2))
{
MSI[1][0]od= H2{indl.dd;
MS[i1[0].yl= H2lindl.y};

MS{11101.x2= H2[ind).x2;
MS(11{0].y2= H2lindl.y2;
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else
{
MsStil[0]l.xl= H2{indl.x2;
MS{11[0].y1= H2[indl.¥y2;

MS1i}{0l.x2= H2[ind]d;
MS(il(0l.y2= H2UIndl.Y);
}

MSIiI1lxd= Ali]->x1;

MS[11I1l.yl= Alll->Yy1;
MSiil{1lx2= All1]->x2;
MSI1)f1l.y2= Alll->¥2;

}
MS(1][1).y2=MS[1]{1)x2=MS{1](1]).y1=MSlii[l]ld=-1;

/t .
Perform pose estimation
x/ :
pose_£from_perspective();

}

vold E_modell)

/t
This function loads the model of the symbol 'E'into memory.
Note that the function is executed only once.

2/

{
static Int flag=0;
if(flag)return;
flag=];

Ell0l.x= .65 ; El[0]l.y= .6 ;
Ellll.x= .65 ; Kl[1l.y= .8 ;
E1{2]l.x= .5 ; El[2Ly= 1;
El[3]lx= .0 ; EM3L.y= .5;
Elf4].x= .5 ; El[4l.y= .0
El(5).x= .65 ; El{5l.y= .2
El(6].x= .65 ; El[6]).y= .4

o e e

E2[01.x1= 10.0 ; E2{0Lyl= 9.0 ;
E2[0l.x2= 3.0 ; E2{0l.y2= 9.0 ;

E2[1lxl= 3.0 ; E2[1l.yl= 12.0 ;
E2{11.x2= 10.0 ; E2(1l.y2= 12.0 ;
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E2(2].x1= 10.0 ; E2[2].y1= 15.0 ;
E2[{2].x2= 0.0 ; E2[2].y2= 15.0 ;

E2[3].xl= 0.0 ; E2{3lL.yl= 15.0 ;
E2[31l.x2= 0.0 ; E2[(3l.y2= 9.0 :

E2(4lxl= 0.0 ; E2[4l.y1= 0.0 ;
E2(4].x2= 10.0 ; E2[4).y2= 0.0 ;

E2{5].x1= 10.0 ; E2{SLyl= 3.0 ;
E2(5)lx2= 3.0 ; E2{5l.y2= 3.0 ;

E2(6]l.x1= 3.0 ; E2{6l.yl= 6.0 ;
E2(6]x2= 10.0 ; E2[(8l.y2= 0.0 ;

void H_model()
/*
This function loads the model of the symbol 'H into memory.

Note that the function is executed only once.
t/ .

{
static int flag=0;
if(flag)return;
flag=1;

H1[0l.x= 1.0 ; H1[0l.y= .5
Hllll.x= .7 ; Hilll.y= .8
Hl[2].x= .3 ; Hi[2l.y= .8
H1[3lx= .0 ; HU3ly= .5
Hl[4)lx= .3 ; Hi[4l.y= .2
Hi[5).e= .7 ; H1ISly= .2

v

-
r

e e % W

H2(0l.x1= 10.0 ; H2(0l.y1=0.0 ;
H2[0).x2= 10.0 ; H2[01.y2=15.0 ;

H2[]xl= 7.0 ; H2[1l.yl= 15.0 ;
H2[1lx2= 7.0 ; H2[1l.y2= 9.0 ;
H2[2lxl= 3.0 ; H2[2).yl= 9.0 ;
H2[21.x2= 3.0 ; H2[2).y2= 15.0 ;
0.0
0.

H2(3lxd=

; H2[3l.yl= 15.0 ;
H2[3)x2=

¢ ; H2[3Ly2= 0.0 ;
H2[4]l.x1= 3.0 ; H2[4l.yl= 0.0
H2[4).x2= 3.0 ; H2[{4).y2= 6.0

.

r
-
’



A-41

H2[(5lx1= 7.0 ; H2{S).yl= 6.0 ;
H2(5)x2= 7.0 ; H2(S5ly2= 0.0 ;
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MODEL BASED 3d POSITION ESTIMATION.
EERERRERERRE AR R IR XA R RS R AR ERTRRRR RS

This module deals with model based 3D pose estimatlon.
*/

#include <tracexl.h>
kinclude <stdlib.h>
#include <math.h>

extern SEGMENT1 MS[12){2]);
float 4(28);

float Y1[25112]);

Int N;

Int nec=0;

float £=500;

float sig;

BINARYCODE *BC[40];

float RI{31(3),TI31{1];

XY vreprocessing();

void d_initilzation();

XY¥Z average_dnvn();

void HH{XYZ,float hol2])(31);

void TT(float Rol31{3]1,8lcat Tol31111,XY,XY2);
void svd(float hol2]{3],£lcat Rol(31(3]);

vold d_updating(float ROI31[31,XYZ);

void pose_from _perspectiveo

/*
- This routine performs the model based pose estimation as
Indicated in algorxithm IV.L

*/

{

float thresh;
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X¥YZ cs;

XY cm;

float hl[21[3],siq];
float x[31111;

int i,],count=0;
float x0,y0,20;

s1g=20000;

cm=preprocessing();/* Compute the coordinates of the
model centrold and the standard
deviation from this centrold.x/

/xX1%/ d_initilzation(});/* Initialazation of the depth of each
scene point.*/

do /*Iterate until convergence.*/
{

sigl=sig;/* "sig"™ represents the value of thecurrent estimation
error, and "sigl" represents that of the preceeding
iteration.*/

/x2*/
/x21*/
cs=average_dnvn();/* Compute the coordinates of the

symbol centrzroid in its current estimated
3D position.x/

HH(cs, h); /* Compute of the model-scene
intezcozrrelation matzix.*/

svd(h,R}); /* Singular value decomposition of the
model-scene intercorzrelation matrix.*/
d_updating(R,cs); /* Updating of each point's depth.*:/

count++;
}

while((sigl-=2ig)/sig >.01);/* Convergence when no noticeable
improvement in the estimation
accuracy can be achieved.*/

TT(R,T,cm,C3);
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x0=R(0){0]*cnx+R{0][1]1*cm.y+T{C]J(0};
yO=RI1I[0]*cm.x+R[1][1]*cm.y+TI11[0];
zO=R[2]EO]*cm.xi-R[Z][ll*;xn.yi-‘rtz1[0];

BCIncl=malloc{slzeof(BINARYCODE));
BClncl->x=x0;

BCIlncl->y=y90;

BCIncl->2=20;

Beinel->order=0;

nc++;

XY preprccessing()

/t
This function computes the coordinates of the model centroid as

well as the standazd deviation from this centroid.
x/

{

xeglster int x,y;
register int 1k;

float a,b;

/* ‘
Computation of the coordinates of the model centroid.

while(MS{iI1l.ylt=-1)

{

x+=MS[1][0].x1+ MS[11{0).x2;
y+=MS{1][0].y1+MS(1){0].y2;
1++;

}

*/

N=2=*]1;
a=1l/(float)N;
cx=(float) x * a;
c.y=(fleat) ¥y * a;

a=c.xbh=c.y;

/= .
Comptation of the deviation of each model point from
the centroid.



*/

/X
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for(k=0k< N/2:k++)

{
YIL2*K1[0]=(float)MSIKII01.x1-3;
Y122k 1{1)=(float)M5(k]{0].y1-b;

Y1[2*k+11[0)=(Eloat)MSIkI[0].x2-a;
Y1{2*k+11{1]=(Eloat)MS{k][0].y2-b;

1

return c; .

XYZ average_dnvn(®

This function computes the coordinates. of

centrold

/*

x/

in its current estimated 3D position .*/

register Int §;
foat x,y,z;
float a;

XY¥Z c;

the symbol

Computation of the cooxrdinates of the symbol centrolid in its

current estimated 3D position.

xéy:z:ﬂ;

for(1=0;< N/24++)

{

x+= dl2*1]1* (foat) MS{11i1].x1+
dl2=1+1]*(float) MSIi11].x2;

y+= dl2#*1]* (float) MS[1l{ll.yl+
d(2*i+11*(float) MS(1I[1l.y2;

z+= dl2%1] + gqr2+*i+1});
}

i=N;
a=(float) | * £;
x=x/a ; y=y/a ; z=z/(float) i ;

C.X=X;C.Y=Y;C.2=2;
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return c;

vold HHOYZ dv,float hi2lI3D)

/*
This function computes the model-scene iIntercorzrelation function

using equation IV.48.
x/

P
int h0G,h01,h02,h10,011,112;
int all,221,a31,a12,222,a32;
registexr int 1,3;
float dvl,dv2,dv3;

Cdvi=dvx;dv2=dv.y;dv3=dv.z;

h00=h01=h02=h10=hl1=h12=0;

for(i=0;1< N/2;1++) ,
{

all=(int) ( A{2*i] * (float) MSUI{1lx1/ £) -~ (Int) avi;
al2=(int) ( dl2*i+1] *(float) MS(i1(1].x2/ £) - (int) dvi ;

azl= (Int) ( A[2*1] *(float) MSUI1Lyl / £) - (int) dv2;
a22= (int) ( AI2*1+11*(floak) MSIil(1).y2 / £) - (Int) dv2;

a3dl= (Int)dl2*il] - (Int) dv3;
ald2= (Int)d(2*1+1] - (int) dv3;

h00+=(int) Y1I2*1){0] * all + (int) Y1{2#*1+11[0] * al2 H
hOl+=(Int) Y1[2#*1i1{0] * a2l + (Int) YI[2*1+11[0] * a22 ;
h02+=(int} Yi{2*1][0] * a3l + (Int) YI[2*1+1)[0] * a32 ;

hl0+=(Int} Y1[2*1][1] * all + (Int) Y1{2*{+1][1]1 * al2 ;
hll+=({int) Y1(2*1](1] * a2l + (int) YL(2*1+1](1) * 222 ;
hi2+=(Int) Y1[2*11{1] * a3l + (Int) YI[2*1+11(1) * a32 ;
}

hi0){0]1=h00;h[01[1)=h01;h{0][2]=h02;
h{11{0]1=h10;h{1](1]1=h11;h(1i[2}=h12;
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vold svd(float h[21[3],float RI31I3])
/* '
This function performs the sigular value decomposition of the
model-scene intercorrelation matrix as indicated in algorithm
leh
x/

{

register int 1,3;
float UI31(3],VI3I3);

float ab,c;

float delta,al,az,a3;

float h1i,hl2,hl13,h21,h22,h23;

float lamdal,lamdaz2,sxdelta,srlamdal, srxlamda?;
float ul,u2,03;

"h11=h[0](0];h12=h[01{1);h13=h(01[2];
h21=h{1110);h22=h[11{1};h23=h[1]1[2];

a=hl1*h11+h12%h12+h13%h13;
b=h21%*h21+h22*h22+h23%h23;
c=hll1*h21+h12*h22+h13*h23;

/t
Eigenvalues computation.
*/

delta= (al=(a-b))xal+d*c*c;
srdelta=sqrt(delta);

lamdal= ( (a2=(a+b) ) - srdelta)/2;
lamda2= ( a2 + srdelta)/2;

1£(ci=0)

{

a3=sqgrtl{ delta+sxrdelta * al)/2);
ul= (float) c/a3;

u2= (lamdal- a)/a3;

}

else

{
ul=1;u2=0;
}

/*
Computatlon of the U matrix.
*/



/*

*/

/%
*/

/*

*/
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Ul01(0])=ul;Ul0]{1]=-u2;U(01(2]=0;
Ul11(0]=u2;U1]{1}= ul;Ul1}{21=0;
U21001= 0;Ul2)(1]= O,Ul21(2]=1.0;

srlamdal=l/sqrt(lamdal);
srlamdaz2=1/sqrt(lamda2);

Computation of the V matrix.

VI{01{0]= ( (float) hil*ul+ (float) h2l *u2 ) *srlamdal;
VI1l{0]= ( (float) hl2*ul+ (Ffloat) h22 *y2 ) *srlamdal;
VI21{0])= ( (Float) hi3*ul+ (float) h23 *u2 ) *srlamdal;

u3==-u2;

V[0][1]='( (float) hil*u3+ (Aoat) h21 *ul ) *srlamda2;
VI1l1l= { (float) hl2*u3+ (float) h22 *ul ) *srlamda2;
Vi2101]= ( (float) hl3*u3+ (float) h23 *ul ) *srlamda2;

al=hl2*h23-h22%*hi3;
a3=srlamdal*srlamda2;
VI0Ill2]= { (Eloat) al}*a3;

al=h21*h13-h11*h23;
VI1l[2]= ( (Roat) al)*a3;

al=hli*h22-h21*h12;
VI21{2]= ( (float) al)*a3;

Computation of the rotation matrix.

R{0J[0]1=V{0II0I*Ul0I[O]+VIOILI*ULOI[1];
RIOI1I=VIOI[QI*UL1I(01+VIOI{1I*U11(1];
R{11[01=V{1][0]I*UT01(0]+VI1I[II*UL0II1];
RI13{1]=VI1I[01*U(LI{01+ V11 (11 *Ul1101);
R{2][0]=VI2]{0]1*UL0II01+V{2]111*ULGI[1];
RI2](1)=V[2](0]*UL1I[01+V{2][11*UL](1];
RIOI(21=VI0][2];

RI1N2]=V(1]I(2];

R{21[2}=V121[2];

vold TT(float RI[31[3],float TI3I1],XY¥ cm,XYZ c3)

This function calculates the translation matrix using

IV.44.

eguation
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TICIl(0)l=cs.x-RIOI[0)*cm.x - RIOI{1)*cm.y;
TI11[0)=cs.y-R{11{0]*cm.x - R{1l{1l]*cm.y;
T[2]{0)=cs.2~R[21{0)*cmx - RIZ2I[1)1*cm.y;

}

void @_initllzation

/=
This function Initiallzes the depth of each scene point.
The same constant value is taken for all points.

*,

{
register int i;
float a,b;
float cs,cm,c;

c=0.0;
/‘l

stimation of the scene perimeter.
*/

for(1=0;i< N/24++)

b= (a=(EloatMSII1l.x2~(float) MSI1I[LlA) * a +
© (a=(floatMsS{il(1l.y2-(float) MSI1l[1l.yl) * a ;
c+=sqrti(b);

}

7x
Estimation of the model perimeter.
x/

cs=¢C;
¢=0.0;

for(i=0;i< N/2:4++)

{

b= (a=(8oat)MS1)[0]x2-(float)MSII[0].x1) * a +
(a=(float)MS[il{0].y2—-(float)MSI1I[0l.y1} * a ;

c+=sqrt(b); .

}

cm=c;
/‘!

Equation IV.283.
x/
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={ £ * cm/cs);

for(l=0;i< Ni++)
dlll=a;

void d_updating(float RI31I3], X¥Z ¢)

This function updates the depths of the scene points using
equation .IV.27 and calculates the estimation error using
equation IV.25, |

fBloat xm,ym,zm;
float a,b,al,a2;
int i; '
float 4d;

sig=0;
for(i=0;1< N/2;14+)
{

xm=RI0JIOT*YII2*1][01+RICI[AI*YI[2*1][1)+ c.x;
Ym=R{1{QI*Y1[2*1]1(01+RILIAT*YIL2*1](1]+ c.y;
Zm=RI2I[0T*YLI2*41[0]+RI2MLI*YI[2*1 111+ c.2;

a=xm*(al=(float) MS(LI[1l.xl/ £) +
ym*(a2=(£loat) MSUILyl/ £) +
il

b=al*al+a2*a2+l;

dd= a/b;

dar2=il=aq;
slg+={a=xm-(float) dd*al)*a +
(b=ym-{float) dd*a2)*b +
~ (b=zm-{float) dd )*b ;

xam=RI0II0I*YII2*1+11[C1+RIOIIII* YL 2*1+11 (1] +C.x;
ym=R1I[0I*YI{2*1+11(0]+RI1I(1I*YI[2*i+1](1)+C.y;
Zm=RI2I[CI*Y1[2*1+1][0]+RIZII1I* Y2 2*1+1}{1}+c.2;

a=xm*{al= MS{i)1l.x2/ &) +
ym*(a2= Ms[il{ll.y2/ £) +
zm;

b=al*al+a2*a2+1;

dd= a/b;
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dl2*1+11=4d;

slg+=(a=xm- dd*al)*a +
(b=ym- dd*a2)*b +
(b=2zm- dd )*b;



Vi

*/

/*

*/

/*

. */
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BYNARY SYMBOL 3D POSITION DETERMINATION

USING THE FLAT-EARTH GEOMETRIC MODEL
R AR RN TR AR AR TR TR RS

This module deals with the use of the flat earth model
to determine the 3D positlon of each binary symbol.

#include <stdlib.h>
#include <tracerl.h>
#include <conio.h>

e —

extern POLY *Al30];

XYZ flat_earth(

float x=0,y=0;

float a=22.34,b=5.56,c=34.0,4=2.65,£=500;
int i;

XY¥Z ct;

Computation of the symbol centrcid coodinates in
the image frame.

for{i=0;i<=64++}
{

x+=Al1]-5%1;
y+=alll1->vy1;
}
x=x/1;y=y/7;

Computation of the 3D position of the symbol centroid using

the system IV.7.

ct.x= d*x/(-azx-bry+i*c);
ct.y= -dr*y/(-a*x-b*y+f*c);
ct.z=s £*xd/(-a*x-b*y+f*c);

return ct;



/*

Vid

*/

A-53

g2 21 E LR T S T Y g ;

PSEUDO-RANDOM WINDOM POSITIONING
LEEEEEEE 2222223 2T RS T Y I T P

This module sorts the list of the binary symbols in the
order they follow each other on the guide-path and extracts
the pseudo-random window.

#include <stdlib.h>
finclude <tracerlh>

typedef struct bec { char code;
float x,vy,z;
int order;
struct bc *next,*prior;} BINARYCODE;

extern BINARYCODE *BC[4Q];
extern Int nc;

extern RE3N3I,TI3II;
BINARYCODE *tr(Q;

float dc=5;

int n=15;

BINARYCODE *£find_neighbor(BINARYCODE *no);
void binary_ window_positioning();

vold bilnary_ code_soxt()

{

/*

*/

/2
*/

This function sorts the list of binary symbols in the orderx
they follow on the guide-path.

int 1,im;
float xa,ya,za,sc,scm;
BINARYCODE *B,*EBl;

Find the closest code to the border.

/E1x/ scm=0;

xa=TI0][0);ya=T(11[0];za=T(2][0];



A4

for(i=0<=nc++)
{

sc=(BCI1]->x-xa)*R{01{01+{BCIL]->y-ya)*R[1][0]
+(BC(11->z-2a)*R{2](0]; :

if(abs(zc)>=cm)
{
scm=abs(sc);
Im=i;
}

}

Blli}->order=1;

store(BClim]);
B=BClim];

/x2*/
/*
Sort blnary code list by finding successively each code's neighborx.

*/

while((Bl=£ind_neighbox(B))!=NULL)
{

store{Bl);

B=B1;

}

/* Binary window positioning.*/

binary_window_positioning();
} .

BINARYCODE *£ind_nelghbor(BINARYCODE 2C)

/* This function f£inds the neighbor along the guide path
of the binary code C.
x/

{
Int §;

float 4,dm=200000,a;
BINARYCODE *Cl=NULL;

/* Find the binary code for which the order is equal zero,
that minimizes the absolute value of d-d0; d being the
distance between C and Ci and d0 a constant indicating
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the distance between two nelghboring codes on the track.
x/ -

for(1=0;i<=nci++)
{

if(BC{il->order==9)
{ .
d= {a=BCIli]->x-C->x)*a + (a=BCli]->y-C->y)*a
" +(a=BCli]->z-C->2)%*a ;
1f { abs(d-d0)<dm) { dm=4;C1=BCIil;}

}

/*
If the minimum value of d~d0 is small set order of C1l to 1
else set it to 2.

*/
if (@m<l) Ci->order=1;

else Cl->order=2;

return{Cl);
}

vold binary_ window_positioning()

/* This function finds the binary window position.*/

{
BINARYCODE *C,*C0,*Cl;
int counter=0;

/!
CO0 and Q1 indicate the first and the last codes of the binary
window,

*x/

C=C0=tro;

while{C!=NULL)
{
1f(C->order==1)
{
counter++;
if(counter==n) {Cl=C;C->next=NULL;}
1

else{ counter=0; C0=C;}

C=C=->next;
}

Slmte——
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vold store{ BINARYCODE *C)

static BINARYCODE *last=NULL;

1£{ast){tr0=C;}
else last->next=C;
C=->next=NULL;
C->prior=last;
last=C;
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IMAGE SEGMENTATION BY
THRESHOLDING MODULE.
EXXAXLXXIXXXAXXXILRRXAXARRS
*/
Vel

This module includes the threshold selection

as well as the image segmentation by thresholding
routines.

*/

#include <{stdio.h>
#include <tracerl.h>

vold segmentation(int);

int thresh()
{

/* This is the thzreshold selection routine.
x/

unsigned char buff256]);
register int min, imin, i;

/* The function £g_histo() calculates the histogram
of the grey level In the image.
x/

fg_histo(buf);

/'R
Search of the minimum in the histogram
graph.

*/

min=2000;
imin=-10;

Forli=20;<=240:1++)

{

if (buflll<min)
{
imin=%;
min=buf£{i];



}
segmentation({imin);

void segmentation(int thre}
{

/t
This is function segments the image by thxesholding.
x/

register int I;
unsigned char bufl[256];

for(i=01¢=(255-thre);i++)buf{i}=100;
for{i=(256~thre);i<=255;i++)buf{il=0;

/t
The function £g_lutd{) using the values stored
in the buffer, buf, initializes the lookup table.
The lookup table is a divice part of the frame board
that maps the incoming data to values set up by the
function £g-lutd().

*x/
£g_lutd(0,0,0,255,buf);

void thresholdtint thre)

register int x,y;

foxr(y=0;y<=511;y++)
fortx=0m<=511pct+)

{

if(fg_pixr(x,y)<thre) £g_pixwix,y,0);
else fg_pixw(x,y,100);

}





