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Abstract

Visual servoing is a promising method to control dynamic systems using the
information provided by visual sensors and has received extensive attention in recent
years. Many existing methods work based on an assumption that the parameters of
the vision system are accurately calibrated, while the calibration process is tedious.
Furthermore, most of the controllers are designed using the kinematics relationship
only, without any consideration of dynamics effect of robots, so that they are not
suitable for high performance and fast visual servoing tasks.

Aiming at solving those two problems simultaneously, this thesis addresses
dynamic control of robots with uncalibrated visual feedback. A novel method has
been developed to regulate selected features to desired positions on the image plane
by controlling the motion of the robot manipulator. We assume that the system is
totally uncalibrated, i.e. both camera intrinsic parameters and the homogeneous
transformation matrix between the robot frame and the vision frame are uncalibrated.
Based on the important observation that the product of the image Jacobian matrix
and the depth can be presented as a product of a known matrix and unknown

parameters vector, an adaptive algorithm is developed to estimate the unknown



intrinsic and extrinsic parameters of the camera. The proposed controller adopts the
simple PD plus the gravity compensation scheme with the estimated camera
parameters. A new Lyapunov function is introduced to prove asymptotic convergence
of the position errors on the image plane and convergence of the estimated
parameters to the real ones up to a scale. The performance of the controller has been
verified by computer simulations and experiments on a 3 DOF robot manipulator.
The simulations and experiments results confirmed expected convergence and high
performance of the proposed controller. This work contributes to the research of
visual servoing and facilitates its applications greatly because with the proposed

controller the tedious and difficult calibration task can be avoided.



ik

PREAR BR R — A P AL AL TR SR AL 115 BRI B3 & R A A AT 10
i, EAERIESZ RN Z KBV 2 A7 B T EBR 0 RS B8R i b
briE, MbrERSRERER. fmH, KEHEHEHHNERETEFRXRETH
A % VL NB 223008, AR T FFANIE & e v e AN BRag 30 3t 47 Bl
1£55 .

XA SRR T AR bR E I R sh S RIS AN, B 74T R
MR PRATTIBIAN ) . BRATVBFST T —ANBT A J7 e i 2 i i ML A8 T8 102 3h
A LB AIFE S B E A E E. BAMBRRE R EIEMRER, BEIFEHL
1 P9 RS B HLas N AR R RIS AR bR R 2 (R e ok RAE PR ER R AR g . I
22, WANERBIH Jacobian K FEFIVR AL I TR AT AR IR g — A B 456 BEFN K
ZEHR TR, WAV T —> B @ISR, © T UKk B A HEAEL PSR 4
M. PR AOIEHISERI T W R A LB o InE D AMER TR, EHIRSh S
Rk AN ZE BA15]2ET —ANB ) Lyapunov 5#2, 7] LAE BH E§ 1 10
A AR ZE W SOT B S EOR 2 FUSEAE, (BRI S EA — A LB R . Wil
— A= E BBV A5 R SEES, XA A AR SE . (BRI SEG
b BRAIE S T R A4 88 S R S E R PR B . BRI A A AN I 88 T LA IRE SRR
I51 R M AR E TAE, AN TAE D/ Bk FOBF Al 7 samkof AR Kb #Esh T
BHINH .



Acknowledgement

I am deeply indebted to my supervisor, Liu Yun-Hui, for his constant and generous
advice, encouragement, and support. Many of the key ideas in this thesis arose in

conversations with him, and this work would have been impossible without his help.

Thanks are also given to my colleagues in the Robot Control Lab for their support in
many aspects of the research. I would like to thank specially Dr. Wai Keung Fung for

discussing concepts and Mr. K. K. Lam for his help in the experimentation.

Finally, I wish to thank my parents for their unconditional support over many years.



Contents

Abstract i
Acknowledgement iv
Contents v
List of Figures vii
List of Tables viii
1 Introduction 1
L1 OVISUAD SETVOIRE v cuvsssinaiaiantsinicssiiissmyisiame mosio e e eiensvisais 1
1.1.1 Position-bas&d Visual SEEVOME. .cuwsevimuniisimismsisssimmiesiiiis -+
1.1.2  Image-based Visual SErvoing.........c.cocouvevruvierrerinisneeresnssessesesesesenenens 5
1,1.3 Camera Configurations iiiisivirissiiiismiusmismsosssinssnnsssnssasosnssasssnosnsssnsnsss 7

1.2 Problem Definitions .....ccooerieiiiiieeiiereee e ereseeeeeeeneseens 10
13 ReLatBl WOTK . .corernvssonseonssassrusonsvassansrsssmssnsmmesosnsnseopasseos espesassssivessas st esss seazams 11
1.4 Contribution of ThiS WOTK ....ccueeiiiiiiiiiriciiciiees s seeeree s s s e ersesnes 15
1.5 Otpanization of This ThESIS ...usmmuwssssssnsmissoissisnssmisisisiamning 16

2 System Modeling 18
21 THECoordinates PIamMes nvnesiussmnsasnyavisnsissosss i 18
2.2 The System KanemIatics. .o sbimisaiievisiasb s 20
23  The SYSeM P YRAIMER: sttt et sseais s sposida 21
24 The Caniera Moads]: et omisnmiass s 23
2.4.1  Eye-in-hand SYStem. ......ccceoiiiiiiiiiiiiiinienieneceeeeeee e 28
2.4.2 Eye-and-hand SyStem........ccccoeiiiiiiiiiniiiiiiiiiieee e sae e e esae e 32

3 Adaptive Image-based Visual Servoing 35
3l  ControllerIDOSIEN . uismissimsivinaismmisissmasssmvesss seossssas s siar s s ST 35
3:2 Estimation of The ParamEers ..o sssimmimsamiscismssamiomsivsessssssiisicssss 38
3.3 StABItY ARALYSIS cuwsuossusivssmiaiorsmosis s s risss 42



4 Simulation

4.1 Simulation I..

4.2  Simulation II

................................................................................................

5 Experiments

6 Conclusions

6.1 Conclusions..

6.2  Feature Work

................................................................................................

................................................................................................

Appendix

Bibliography

Vi

48
51
55
63
63
64

66

70



List of Figures

Figure1.1:Position-based VISUALSEIVOINE vvuressrsssrssssmsmivsssassorssnessssssssnmpssssassapsasassass 4
Figure:1.2: Image-based ViSUBL:SEIVOINE ..vouescrssasassssenssseasenssansonsssasnssssusnssnnmsnevssnssasios 7
Figure 1.3: Eye-in-hand camera configuration. ............ccccevessunesenssensacsssssassassanessasasesaes 9
Figure 1.4: Eye-and-hand camera configuration..........c..cecceceeiviinininnenscncesinnensenennans 9
Figure'2:1; THE COOTiNate TIaMIEE. -uwsivawiaorssaminizsmsmssmiiesissnssoy ais v saessnss 19
Figure 2.2: Three widely used projection models........ccieiiscisiciiisissassissssvesssissansioss 25
Figure 2.3 Perspective Projection;: . wasininsicnssivmissmminvanmviriessmm 26
Figure 3.1; Feature points'on a rigid Body ....cueuinnaiiinniniiimispmmsssiomssismes 45
Figure 4.1: Robot Manipulator ..o 48
Figute 4.2 SIBMIAMON L . cuvsmersimestesrusnsssmassnsssnsnonssarssssssrisshorovossssineissssaaissoavssosssins 51
Figure 3% STnulation TLc umvssunsuessiconammssmevesmsssnssmisissisaimamsissisioissisvsiyisis 54
Figure 5.1: The 3 DOF robot manipulator used in experiments .............c.cccceeveuennnnn. 58
Figure 5.2: Patterns of the image feature Points ..........ccccuvcinvivnenienssivesesasesessssisasions 58
Figure 5.3: The experiment SEt UP SYSIEIM ....cciuciessucsissisesssssnssasssosnsonsanasasasssnsasssassasses 59
Figure 5.4: The experimental result 1 .........cccooiiiiiiiiiiiiiiiiceeeen 60
Figure 5.5: The experimental result 2 ...........c.ocooooiiiiiiiiiiiice 61
Figure 5:6: Theexperimentalitesult 3....conmmrmasmsensessssssnssusnsomvonsransssssnsnsssessansiivnas 62

vii



List of Tables

Table 4.1: Parameters Of SIMUIAION L ...ovveeieeeeieeeeeeeieeeeeeeieeeeeseeeeeeeeeeeseeeeeesssnnaasaeens
Table 4.2: Parameters of SImMulation Il .......eeeeoeeeieieeee e eeeeieeeeeesii e e eeeesasaeeaeenas

Pble 570 Parameters:OF CRPOEIIMEIIES v rvesirsmivinnssruavmisonsss sy s SRSV SR EFRRRFT

viii



Chapter 1 - Introduction

Chapter 1

Introduction

1.1 Visual Servoing

Visual servoing is a robot control technique that uses vision in feedback control
loops. Though the first systems date back to the late 1970s and early 1980s, it is not
until the middle 1990s that there is a sharp increase in publications and working
systems, due to the availability of fast and affordable vision processing systems.

Visual servoing is an approach to control robots based on visual perception,
involving the use of cameras to position robots relative to the environment as
required by the task. Hence, the general idea behind visual servoing is to derive the
relationship between the robot and the sensor space and estimate a velocity screw
associated with the robot frame needed to minimize the specified error.

Visual servoing involved many different research areas including robot modeling
(geometry, kinematics, dynamics), real-time systems, control theory, systems (sensor)

integration, computer vision (image processing, structure—from-motion, camera



Chapter 1 - Introduction

calibration). There are many different ways of classifying the reported results: based
on sensor configuration, number of cameras used, generated motion command (2D,
3D), scene interpretation, underlying vision algorithms.

People had used feedback control for a long time, but it is until recently, the
development of the computer and especially the digital camera made the visual servo
control available and affordable. Since its debut in the 1980's, it has attracted
increasing interest from both industry and academia. The approaches from
disciplines such as robotics, high-speed image processing, and real-time control had
addressed the issue from different facets. The richness of the data that can be derived
from vision, as well as the inherent need-of endures to observe visual images,
motivates the use of vision in controlling robot systems. Combining this with the
complexity of the systems to be controlled makes visual servoing a uniquely
challenging but exciting research area.

Just as the term implies, there are two essential foundations of the visual servo
control: vision and control. Early research in this area had achieved moderate success
by separating the visual control problem into these two constitutive components,
study them individually, then simply combine the effort together by transferring the
information from the vision to the control. This approach is often called
"look-then-move". However, it will only be successful where either the speed of the

system or its internal dynamics do not play a significant role.
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Recently, researchers started to integrate the vision and control efforts by merging
vision and control through image-based control. In this approach, the computation of
the control inputs (and generally the specification of the goal states) is performed
directly in the image plane. When this is possible, it allows one to bypass the
computation of pose (i.e., position and orientation), and generally reduces the errors
that may be introduced when transitioning between the visual image and robot pose

spaces.

In terms of the design of visual servoing systems, there are two major issues that
have to be considered: i) the choice of control law to provide the feedback for the
control loop, ii) camera-robot configuration. We will touch upon the two issues

briefly in the following section.

Visual servo robot control overcomes the difficulties of uncertain models and
unknown environments. In the literature, there are two types of visual servo
controllers: Position-based visual servo control and image-based visual servo control.
They use the relative position and orientation of the target object with respect to the
camera frame, to form the six elements pose vector. Also, in both classes of methods,

object feature points are mapped onto the camera image plane, and measurements of

these points are used for robot control [1].
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1.1.1 Position-based Visual Servoing

In a position-based control system, the control error function is computed in the 3D

Cartesian space. The pose of the target with respect to the camera, which describes

its 3D position and 3D orientation, is estimated from image features corresponding to

the perspective projection of the target in the image.
.. Camera

Robot controller
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Figure 1.1: Position-based visual servoing

The main advantage of position-based visual servoing is that it controls the

camera trajectory in the Cartesian space, which allows it to easily combine the visual

positioning task with obstacles avoidance and singularities avoidance [2].

Position-based methods for visual servoing seem to be the most generic approach to

the problems, as they support arbitrary relative position with respect to the object.
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The major disadvantage of position-based methods is that the 3D positions of the
feature points must be estimated. In position-based visual servoing, feedback is
computed using estimated quantities that are a function of the system calibration
parameters. Hence, in some situations, position-based control can become extremely
sensitive to calibration error. Particularly in stereo systems, small errors in
computing the orientation of the cameras can lead to reconstruction errors that
impact the positioning accuracy of the system. Therefore, the position-based visual

servoing is usually not adopted for servoing tasks.

1.1.2 Image-based Visual Servoing

In an image-based control system, the control error function is computed in the 2D
image plane. The general approach used in the image-based visual control methods is
to control the robot motion in order to move the image plane features to desired
positions. This usually involves the calculation of an image Jacobian or a composite
Jacobian, the product of the image and robot Jacobian. A composite Jacobian relates
differential changes in joint angles to differential changes in image features. The
image-based control has the input command described directly in the feature space; it
is then easy to generate the input trajectory by video-aid, computer-aided design.

Image-based visual servoing control is considered to be very robust with respect to
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camera and robot calibration errors. Coarse calibration only affects the rate of
convergence of the control law in the sense that a longer time is needed to reach the
desired position.

One disadvantage of image-based methods compared to position-based methods is
the presence of singularities in the feature mapping function, which reflect

themselves as unstable points in the inverse Jacobian control law.

The estimation of the image Jacobian requires knowledge of the camera intrinsic and
extrinsic parameters. Extrinsic parameters also represent a rigid mapping between the
scene or some reference frame and the camera frame. If one camera is used during the
servoing process, the depth information needed to update the image Jacobian is lost.
Therefore, many of the existing systems usually rely on a constant Jacobian that is
computed for the desired camera/end—effector pose. This is one of the drawbacks of
this approach, since the convergence is ensured only around the desired position. This
problem may be solved by adaptive estimation of the depth.

In general, image-based visual servoing is known to be robust not only with respect
to camera but also to robot calibration errors. Therefore, most of visual servo
controllers are image-based. Also this method normally assumes that the range of the

object is known. Adaptive control methods are normally employed.
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Figure 1.2: Image-based visual servoing.

1.1.3 Camera Configurations

Visual feedback is an important approach to improve the control performance of
robot manipulators [3]. This robot control strategy, so-called visual servoing, based
on monocular configuration, can be classified in two approaches: eye-and-hand

system and eye-in-hand system.

In eye-and-hand robotic systems, a camera is fixed in the world-coordinate frame
and targets are mounted on a robot end-effector. Camera is used as a global sensor
and it capture images of both the robot and its environment. The objective of this

approach is to make the robot move in such a way that its end-effector reaches a
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desired object.

In the eye-in-hand configuration, a camera is rigidly attached to the robot’s
end-effector, which supplies visual information of the environment. The
transformation between the camera and the end-effector coordinate frames is usually
known apriori. The objective of this approach is to move the manipulator in such a
way that the projection of either a moving or a static object be always at a desired

location in the image captured by the camera [4].

Systems using a monocular camera usually adopt some form of model based
visual techniques to facilitate the estimation of the depth between the camera and the
object. If the camera is used as a global sensor, a geometric model of the object is
commonly used to retrieve the full pose of the object. On the other hand, in the
eye-in-hand configuration, feature and window based tracking techniques are more
common. A single camera minimizes the processing time needed to extract visual
information. However, the loss of depth information limits the types of servoing

operations that can be performed as well as complicating the control design.

For either choice of camera configuration, camera calibration must be performed

in order to execution visual servo tasks.
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1.2 Problem Definitions

A problem common to both the eye-and-hand and the eye-in-hand configuration is
the need for the cameras to be calibrated. That is, if the intrinsic and extrinsic camera
calibration parameters are unknown, or slowly change over time, then the
relationship between the task-space and the image-space will be erroneous, leading
to unpredictable robotic performance and instability. Hence, estimating these
unknown parameters online is one of the important works in this thesis.

Another issue that has impacted the development of robust vision-based
controllers is that few visual servo controllers have been proposed that take into
account the nonlinear robot dynamics. However, the methods considered kinematics
only would limit to achieve high performance for visual servo system due to
neglecting dynamic effects of the robot manipulator. Here, considering incorporating
the dynamics of the robot manipulator into the visual servo controllers is the second
focus of our work in the thesis.

The depth estimation is needed in visual servo control. The depth observability is
the vital problem in the depth estimation, which determines the success of the
estimation. The unknown depths were in the image Jacobian matrix of the
image-based control, which make projection matrix nonlinear. The depth is usually

changes with robot manipulator movement, which increases the difficulty in visual

10
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servoing. How to compensate the nonlinear terms in Jacobian matrix and estimate

depth is also a work addressed by us in the thesis.

1.3 Related Work

Previous approaches to visual servoing assumed known and accurate measures of
camera parameters, camera positioning with respect to manipulator positioning,
target depth [5]. Recently there has been a significant amount of research activity on
the uncalibrated image-based visual servoing control. Some of the previous work on
visual servoing assumes that the parameters can be identified in an off-line process. A
control scheme with off-line parameter identification is not robust for disturbance
change of parameters, and unknown environments. To overcome such defects, some
on-line parameter identification schemes are proposed. Papanikolopoulos et al [6]
proposed an algorithm based on on-line estimation for the relative distance of the
target with respect to the camera. Hosada et al. [7] employed the Broyden updating
formula to estimate the image Jacobian. Yoshimi et al. [8] utilized a simple geometric
property to estimate image Jacobian. Feddema et al. [9] modeled the system making
use of ARMAX model and estimated the coefficients of the model. Papanikolopoulos
et al. [10] estimated the depth related parameters. However, The initial research

efforts in this area did not take the dynamics of the robot into account.

11
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Motivated by the desire to take into account uncalibrated camera effects and the
dynamics of the robot, several researchers have recently designed visual servo
controllers that ensure the convergence of the image error for the setpoint regulation
problem. For example, Kelly et al [11], develop a regulation controller for the
eye-in-hand problem, provided exact knowledge of the robot gravitational term is
available and that depth information is known. In [12], Kelly and Marquez designed
a setpoint controller for the eye-and-hand problem that compensated for unknown
intrinsic camera parameters, provided perfect knowledge of the camera orientation
was available. In [13], Kelly redesigned the setpoint controller take into account
uncertainties associated with the camera orientation; however, the controller required
that the difference between the estimated and actual camera orientation be restricted
to the interval (—90°, 90°). In [14], Zergeroglu et al. proposed a uniformly ultimately
bounded (UUB) setpoint controller for the eye-in-hand configuration provided the
camera orientation is within a certain range. In [15], Maruyama and Fujita proposed
position setpoint controllers for the eye-in-hand configuration; however, the
proposed controllers required exact knowledge of the camera orientation and
assumed equal camera scaling factors.

In addition to the setpoint regulation problem, several results have also been
proposed for the tracking problem. For example, in [14], Zergeroglu et al. proposed a

UUB position tracking controller with back stepping technique under the assumption
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that the image plane is parallel to motion plane of the robot manipulator. In [16],
Bishop and Spong developed an adaptive visual servo position tracking control
scheme for the eye-and-hand configuration that compensated for camera calibration
errors in the feedback loop; however, convergence of the position tracking error
required that the desired position trajectory be persistently exciting. In [17], Kelly et
al. proposed a two-loop visual servoing control system, which consists of an inner
joint velocity servo controller and an image-based feedback outer loop; however,
exact model knowledge of the robot dynamics and a calibrated camera are required,
and the difference between the estimated and actual camera orientation is restricted
to the interval (=90, 90°). In [18], Target tracking by model independent visual
servo control is achieved by augmenting quasi-Newton trust region control with
target prediction. They use Broyden’s Jacobian update approach. Recently, in [19],
Zergeroglu et al. considers the problem of position tracking control of planar robot
manipulators via visual servoing in the presence of parametric uncertainty associated
with the robot mechanical dynamics and/or the camera system. Note that for the
camera-in-hand configuration, due to the relative velocity problem associated with
the eye-in-hand configuration, camera calibration is further necessitated by the need
to relate the velocities between the camera and the image-space objects.

Until now, the unknown depths were in the feature Jacobian matrix of the

feature-based control; the depth estimation is needed in visual servo control. In some

13
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cases, the exact value of depth may not be necessary for the stability of the visual
servo control scheme. The depth is still important information for handling the object.
The depth observability is the vital problem in the depth estimation, which
determines the success of the estimation. Although there have been several methods
proposed for the depth estimation, depth estimate remain a difficult task in
uncalibrated visual servoing. A practical way to obtain the depth is by using external
sensors as ultrasound or additional cameras in the so-called binocular stereo approach
[11]. Some other schemes use images obtained from different (more than two) points
in the called active monocular stereo approach, and least-square techniques [20].
However, these methods estimate depth off-line. For achieving high performance
visual servoing, some approaches have been used to estimate depth online; however,
most researchers consider planar robot manipulator move parallel with image plane
[13] [21] [22]. In these cases, depth is considered as constant parameters. They avoid
estimate time-varying depth, the most difficult task. Also these are idea condition
and not general case. Ezio Malis et al [23] [24] propose a new approach to vision
based robot control, called 2-1/2-D visual servoing. However, they did not consider
robot dynamics. Chien Chern Cheah et al [25] [26], propose simple feedback control
laws for setpoint control without exact knowledge of kinematics, Jacobian matrix, and
dynamics under sufficient conditions. In [27] [28] [29] [30] [31], they present

adaptive methods to estimate depth on-line, however, they assume that the intrinsic



Chapter 1 - Introduction

parameter are known. Other typical estimator in this system is the extended Kalman
filter [3] [32] [33], also they only consider depth as unknown.

As seen the above, most of visual servoing methods do not consider totally
uncalibrated case, and few approach estimates all these parameters on-line and

considers the full robot dynamics.

1.4 Contribution of This Work

The purpose of this paper is to design a new image-based visual servoing system in
totally uncalibrated environments. We point out our attention to one typical
application of visual servoing: eye-and-hand system. The task is divided into two
steps. In the first off-line learning step, the end-effector is moved to its desired
position. The image of the target corresponding to this position is acquired and the
extracted desired features are stored. In the second on-line step, the end-effector is

controlled so that the current features reach their desired position in the image.

We assume the system is totally uncalibrated, i.e. both camera intrinsic parameters
and the homogeneous transformation matrix between the robot frame and the vision
frame are uncalibrated. The full dynamics of manipulator is also taken into account.

Following are the summarized contributions of this thesis:

(1) We developed an adaptive law to estimate the unknown parameters including

19
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the camera intrinsic parameters and the homogeneous transformation matrix
between the robot frame and the vision frame. The estimate parameters
asymptotically approach to the actual ones up to a scale.

(2) We designed an image-based visual regulation controller for an eye-and-hand
system, when the camera intrinsic parameters and the homogeneous
transformation matrix between the robot frame and the vision frame are not
calibrated. It is proved with Lyapunov approach that the controller guarantees
asymptotic convergence of the feature points errors on the image plane
corresponding to the motion of the robot manipulator.

(3) The performance of the controller has been demonstrated by computer
simulations and experiments on a 3 DOF robot manipulator. Simulations and
experiments results verified the performance of asymptotic convergence of

the proposed controller.

1.5 Organization of This Thesis

The paper is organized as follows. In Chapter 2, system model issues include the

basics of robot kinematics; dynamics and camera models are addressed. In Chapter 3,

uncalibrated image-based visual servoing controller is discussed. Simulation results

are addressed in Chapter 4. Experimental results are addressed in Chapter 5. Finally,
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in Chapter 6, the work done in this thesis is concluded and future work is outlined.



Chapter 2 — System Modeling

Chapter 2

System Modeling

In visual servoing, a camera produces the input signal, which must ultimately be
transformed into joint commands to the robot controller. It is possible to divide this
into three coordinate systems: the camera frame, Cartesian robot frame, and joint
space. The derivation of the transformations from the camera to Cartesian frame and

from Cartesian to joint space will be presented.

2.1 The Coordinates Frames

Figure 2.1 shows a set up of the system for eye-and-hand system. There are a robot
manipulator and a fixed camera. There are 3 coordinates,

>, the robot base frame.

> the end-effector coordinate frame.

Y ¢ R T|. ; ;
Y- the vision frame. 7", = [ } is the homogeneous transformation matrix of
0 1
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>,; Withrespectto Y’ .. The parameter R is the rotation matrix and T is a

translation vector.

Ye The end-effector frame E
, Ye

Z:
The camera frame C

Xp
. The robot base frame B
b

Figure 2.1: The coordinate frames.

Suppose that 3. is the camera frame with the origin being at the optical center

of the camera and Z-axis perpendicular to the image plane. Then we have

b
X

X
‘=R, y [+T 1)
‘7 ’z

where ["x,”y,"z]’ and ["x,”y,bzr are the coordinates of a point p in the camera

frame and the base frame of the robot, respectively. Rotation can be specified in a

19
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number of equivalent ways. For example, rotation can be around an axis passing
through the origin of the coordinate system with an angle. Alternatively, R can be
specified as three successive rotations around the x-, y-, and z-axis, by angles @, y,

and ¢, respectively, and can be written as a product of these three rotations

cos¢p sing Oflcosy 0 —siny ||l 0 0
R=|-sing cos¢ O 0 1 0 0 cos@ sin@ 2.2)
0 0 1||siny O cosy ||O —sin@ cos@

If no calibration is performed, the rotation matrix and the translation vector are
unknown. In this representation of motion, we have twelve unknowns (nine in

rotation and three in translation).

2.2 The System Kinematics

Kinematics is the science of motion that refers to its geometrical and time-bade
properties. It deals with position variables and their derivatives (with respect to time
and other variables). We consider a class of robot manipulator with all revolute joints.

From the forward Kinematics:

®xe=f(q) (2.3)

where “x, =["x,,,"X,5, %3, X4, X 5, %, ]" present the position and orientation of
the end-effector with respect to the base frame. The first three components of “x,

denote the position vector, and the other three components represent the orientation.

20
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q is the joint angles of the robot manipulator. f(g) is generally a nonlinear
transformation describing the relation between the joint space and task space and is
determined by the forward kinematics equation of the manipulator.

The task-space velocity “x, is related to joint-space velocity ¢ as
"y =1(9)q (2.4)

where ?x, is the velocity of the end-effector with respect to the base frame. ¢ is

the joint velocities and J(g) is the robot Jacobian matrix of the robot manipulator.

The velocity of end-effector with respect to the vision frame:

oo | R 1O , ,
‘Y= i =AJ 2.5
x { 0 ’RJ (9)q (@)q (2.5)
Then
g=J"(@)A"x (2.6)

where assume J(g) is square and nonsingular.

2.3 The System Dynamics

Dynamics is the science of how motion is caused by forces and torques. In the
absence of friction or other disturbances, the dynamics of a serial n-link rigid robot

manipulator can be written as:
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H(q)4+C(q.9)4+G(g) =7 2.7

Where

q: nxI1 vector of joint coordinates.

H(g): nxn symmetric and positive definite inertia matrix.

C(q,q)q: nx1 vector of centripetal and Coriolis torques.

G(q): nxI1 vector of gravity force.

7: nx1 vector of applied joint torques.
Note that the frictional term has not been involved in this equation.

The visual servo control algorithms in the following chapters are based on some

important properties of dynamic equation of manipulator in equation (2.7). They are

follows:

Property 1 The inertia matrix H(g) is symmetric and positive definite, and

satisfies the following inequalities for V¢ € R

m, “ 4

P<CTH@Q¢ <my(|¢| (2.8)

where m, is a positive constant, m,(x) is a positive function, and ||| denotes

the standard Euclidean norm.

Property 2 The matrix N(q,4)=H(q)-2C(q,q) is skew-symmetric for a

particular choice of C(g,q) (which is always possible), i.e.,

Z'N(q,9)z=0 (2.9)
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forany nx1 vector z.

Property 3 The left-hand side of equation (2.7) can be linearly parameterized as

shown below
H(q)4+C(q,9)qg+G(q) =W,(q.4.§)P (2.10)

where ® € R" contains the constant system parameters and the regression

matrix W, ()& R®" contains known functions dependent on the signals ¢, ¢

and ¢.
Property 4 The gravity vector G(gq) verifies

|G@)| < & (2.11)

for some bounded constant g, >0

2.4 The Camera Model

In order to perform visual servo control, the relationships between the robot frame
and the camera image plane must be known. In general, these relationships are
defined in terms of a set of projection equations that define how points in the
workspace project onto the camera image plane via the imaging geometry of the
camera.

In the robotics and computer vision communities, CCD cameras are described
using a range of models. In the following, we briefly present the most commonly
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used models; as a common denominator, they do not model the camera at a physical
level, but on an idealized, geometrical one. The distance between image plane and
optical center, f, corresponds to the focal length of the camera.

The most common approximation to the real optics of a camera is the so-called
pinhole camera model. The projection of a point onto the image plane is modeled as
a central projection through the optical center, i.e. the center of the lens. This is
illustrated in Figure 2.3. Note, that for a more intuitive visualization the image plane
is depicted in front of the optical center instead of behind; therefore, the image does
not appear inverted, as it would be in reality.

Pinhole cameral models include perspective projection and affine projection.
When a scene’s relief is small compared with the overall distance separating it from
the camera observing it, affine projection models can be used to approximate the
imaging process. These include the orthographic, parallel, weak-perspective and
paraperspective projection.

We first describe three projection models that have been widely used to model the
image formation process: perspective projection, weak-perspective projection and
parapersepective projection. Figure 2.2 show the three widely used projection models.
Let ¢ denote the optical center of this camera, and let F, denote a scene reference

point; the weak-perspective projection of a scene point P, is constructed in two

steps: F, is first projected orthographically onto a point of object plane parallel to
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the image plane; perspective projection is then used to map this point onto the image
point P" . The paraperspective model takes into account both the distortions
associated with a reference point that is off the optical axis of the camera and
possible variations in depth: a scene point P, is first projected parallel with the
projection line of the reference point P, onto the object plane; perspective

projection is then used to map this point onto the image point P’ .

Plane approximating
the object

Perspective -

Paraperspective _
Wesak perspective T
VX
e
/
LY g
; % i
: ¢ > I-E
Optical
Focal distance=1 " axis
—————— —_—— .
L — .

Weak perspective and Perspective projection

Figure 2.2: Three widely used projection models

We assume that the projective geometry of the camera is modeled by perspective
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projection. As a mathematical tool, projective geometry has become very popular in
the computer vision community, mostly because the perspective projection of the
world onto an image plane can be modeled and analyzed very elegantly. Since that
no explicit 3D information is to be extracted form an image, depth information is lost

during projection.

X
Z

world coordinate

ﬁ T Physical retina

yC ~ A

O Normalized image plane
L X

(&
Camera coordinate

Figure 2.3: Perspective Projection

The image of the scene on the CCD is digitalized and transferred to the computer
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memory and displayed on the computer screen. We define the two dimensional
computer image (screen) coordinate frame X, ={u,v}. The origin of ¥, is
attached at the lower left corner of the computer screen while the axes u and v
are selected parallel to the screen rows and columns respectively.

A point on the end-effector is °X =[x _,Y.,Z.]", whose coordinates are expressed

with respect to the camera frame projects onto a point on the computer image plane

as
Uy
u =_L ,ﬂ(,, —fk“COS(¢) ) 0 er (pb by (213)
v Z.| 0 fk/sin(p) v, Of O 1 | %z
; y L1
By equation (2.1)
X{‘
el = il = i (2.12)
B, v=v, 0 fk,/sin(p) || Y.
Z(‘

where u, and v, are the coordinates of the principal point (in pixels), f is the
focal length (in meters), k, and k, are the magnifications, respectively, in the u
and v direction (in pixels/meters), and ¢ is the angle between these axes. In
general, the camera internal parameters are not perfectly known. For simplicity, we

define a, = fk,, a, = fk, /sin(p) and y=-fk, cos(¢). Usually, we can assume

the image axial perpendicularly with each other. Then y=0 So (2.12) becomes
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Bu - au 0 Z(’ 2 13
B,| |0 a ¥ @.13)

This model is so-called the imaging model. The time derivative of equation (2.13)

yields
XZ~-X7 1 X, e
X 2 = ) = 7 || Xe
u a 0 Z a 0I]||Z Z: :
== . . e Y | (2.14)
L 0 a, Y(‘Zr i Y('Zr 0 a, 0 L = Y‘ Z
72 74 zZ2 L

Following, we discuss two camera configurations.

2.4.1 Eye-in-hand System.

Any displacement of a rigid object can be described by a rotation about an axis
through the origin and a translation [34]. Let us assume that the camera moves in a
static environment with a translational velocity 7" and with an angular velocity Q
with respect to the camera coordinate frame. The velocity of point P with respect to
Zv is:

P=-QxP-T (2.15)

Substituting the equation (2.15) into equation (2.14), we can obtain
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T
1 X, XX X vz,
ol 2 b
u a, 0| Z, Z; Z; Z, Z T
i’ . i (2.16)
v 0 a 0 I ¥ _(“_Yr ) XY X, | o,
Zh 7 z Z: Z. || o,
| @

We change the camera velocity respect to camera frame to the end-effector

velocity with respect to the base frame.

T,

T,

T,| |‘R, O [[I —k(CR‘n)||T,

HEI LR % @.17)
o | L0 ®]0 1 e

(D),

L@, |

Substituting the equation (2.17) into equation (2.14), we can obtain

1 X, XY X ¥
. 3 T2 T2 1 2 5
[u] [a,, o] Z. Z z Zr 2
v |0 a R ¢ Y. . X¥ ¥
v 0 = D ) 1+L [ i C
zZ. Z = z: Zr . Z (:18)

o R O ‘R, 0 [|[I —k(°R‘r)|| T,
0 ‘RJ| 0O °R]O I Q,

Continually, we may rewrite equation (2.18) in such a form as follows
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u Bu BM BV Bll2 all BV
B 0 = ] e A _a" =Eadh, e oW
Li — Zl' Z(‘ aV all aV
4 o _% _B _ B BB Bga -
Z(‘ Zl‘ ; aV all u ( ‘ )

JRO|R 0|1 kCRD|T,
0 “RIl 0 “Rrlo I Q,

In order to guarantee the object that can be observed fully, three or more feature
points attached on the object rigidly are required for the visual servo control to be

solvable. Here we have

< i i J
A | T,
Yi
. T,
u
2 T,
v, |=J,| (2.20)
. wx
u
.3 w\'
v )
i n L% |
where
_ﬂ O _Ei _Bnlel —a _i __aqul
Zl Zr a, : a, a,
0 _ﬂ_ _&. a + 31 _ BulB\'l Bnlav
Z(‘ Zr ' a, au au
u 0 _Bu?. __BMZBVZ —a _i?Z _auBVZ
Z(‘ Zr a, ! au a,
J =- ) 2.21)
0 =g a, . B\?. a +& - Bu2B\'2 Bu"av
Zr c : a, a, au
2t 0 _ﬁ _Bu3B|‘¥ —a _Bqu auB\B
Z, Z, a, ' oa, a,
0 _& _& a + \",-3 - BM3B\'3 B|13av
L Zr Zr ‘ a, au au N
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Where J; is the so-called image Jacobian matrix and J € R*™.n>3 is
number of the feature points. Here we use 3 pair of feature points. To combine

equation (2.20) and equation (2.4), we obtain

¢=J,X=1J(9)q (2.22)
As we can see, the Jiacobian matrix J_ consists of the camera parameters such as
focal length, aspect ratio, distortion coefficients, and the kinematic parameters such
as translation and rotation between the camera coordinate and the robot base
coordinate.

Equation (2.22) relates Feature space to Cartesian space. This mapping involves
nonlinearities due to radial lens distortion, perspectivity, and quantization issues
between the camera and the end-effector frame. The robot Jacobian is a highly
coupled and nonlinear function of joint angles and robot dimensions. Some
researchers have proposed using adaptive schemes to find a matrix of constant
coefficients to approximate the total image Jacobian. It is possible to find certain
configurations of the robot where the total image Jacobian changes slowly, but this
severely restricts the robot workspace.

Assume J_ is nonsingular, then we have

q=J"(q)J ¢ (2.23)

where J'(g) mean pseudoinverse of matrix J(q).
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2.4.2 Eye-and-hand System

Let us assume that the end-effector moves in a static environment with a translational
velocity T, and with an angular velocity £ with respect to the base frame.
Suppose there is a point P in the end-effector, where r(x,y,z)is the coordinate

respect to center of the end-effector we assume known. The velocity of point with

respect to 3 is:
"P=Qx"Rr+T, (2.24)

Substituting equation (2.24) into equation (2.14), we can obtain,

l 0 B = 0 B X
u = _L a, u rY. = _L a, u er b}} (225)
v Z.|0 a B ] Z0 a. B, 4o

c c Z Z

The motion of the image feature point as a function of the camera velocity is

obtained by substituting equation (2.24) into equation (2.25),

) __L % 0 B“ b2 _I(tpe Tc = Tc
M_ zr[o i B‘.] R,[1 -k(CR, r)][g]—lx,[g} (2.26)

where k is a matrix operator and k(x) with vector x=[x‘ x; x3]T can be

written as a matrix form
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0 =x x
k(x)=| x, R 2.27)
=% %" 4
we define
Lia, 0 u -y b
= ‘R.k(CR.°r, 2.28
1 ZI[O a‘_ vi_vO] b ( e rl) ( )

In order to guarantee that the end-effector motion can be observed fully, three or
more feature points attached on the end-effector rigidly are required for the visual
servo control to be solvable. The above imaging model can be extended to an object
located in the robot workspace having n object features points. In this case, the
feature image velocity & is redefined as

EN

v,

'—JTc 2.29
i |=d| (2229)

where J,  is the so-called image Jacobian matrix which include unknown

parameters such as intrinsic parameters, the rotation matrix between the robot base
frame and the vision frame and the depth parameter. J € R**°,n>3 is number of

the feature points.
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__L_au 0 u,—uo] S i
Z|0 a, v-v, :
_lja, 0 u “o] S
L=l Z, |0 a, v,-v, ¢ (2.30)
_L_a" 0 u, uo} s,
Z,|0 a, v;—v,
L d

Here, we define another matrix called nonscaled image Jacobian.
J,=J,D(-Z)
It should be noted that the elements of the nonscaled image Jacobian are linear to

the elements of the perspective projection matrix

Finally, by using equation (2.4) and (2.29) we can express ¢ in terms of the robot

joint velocity g as

E=J.X=J1J(g)q (2.31)

Assume J_ is nonsingular, then we have

g=JIgyle (2.32)

where J'(¢) mean pseudoinverse of matrix J(q).
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Chapter 3

Adaptive Image-based Visual Servoing

3.1 Controller Design

The visual servo control algorithms in this chapter are based on some theories used

to analyze stability of the visual servoing systems proposed in this thesis. Refer to

Appendix A for details.

The robot task is specified in the image plane in terms of image features
corresponding to observable points rigidly attached to the robot manipulator
end-effector. In the control problem formulation considered in this chapter, the
position of the feature points of the object can only be measured through the camera.
Thus, a direct knowledge of the desired joint position is not available. However, in
this chapter, we consider a controller, which consists of directly using the image

feature error supplied in the image coordinate frame.

Let ¢, = [u 1V |" be the desired position with respect to the computer image

frame of the target image feature corresponding to the attached point. Hereafter,
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&, =lu,,v,]" will be referred as the desired image feature vector which is constant

because the target was assumed to be stationary.

The control problem is to design a controller to compute the applied torques such
way that the image feature ¢ = [u, v[f corresponding to the point attached to the robot
manipulator end-effector reaches the desired image feature ¢, = [ud,v,, ]T of the
point attached to the target position. This formulation can be equivalently stated as
driving the robot manipulator end-effector in such a way that the corresponding
image feature ¢ = [u,v]T reaches a constant arbitrary point ¢, = [u SV ]T into the

computer image frame.

The approach followed in this chapter was motivated by the transpose Jacobian

control philosophy proposed in [35] [36]. We design control law for eye-and-hand

system.

The control law of the proposed controller is given by

t=G(q)—K‘,q—KpJT(q)(fZ —li[]zz (3.1)

o

where K, and K, are the symmetric positive-definite proportional and derivative
matrices which are chosen by the designer. A signal over a parameter means that is an
estimated value of the actual parameter. 45 =¢—¢, is image error we can directly
obtain from computer screen. D(Z) isa 2nXx2n diagonal matrix and n=>3 is the
number of the feature points.
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Z, W
Zl
Z'l
D(Z)= Z, (3.2)
Z3
ZS
i ]
Then
[0 0 U —Uy S'T
0@ m—vy :
0 0 u,-u, s’
Jo=|{0 0 v,-v, | (3.3)
0 QO us—uy; s
0 0 vy—v,
where (u,,v,) is the desired image point and
|00 = . gy
S = R,k("R,‘1;) (3.4)
0 0 v,—-v,

Even if the exact Jacobian matrix is used in task-space control, the manipulator
could stall at a singular posture or the control torques could also become very large
when the desired position is close to singularity. Conventional ways of dealing with
singularities usually keep the manipulator away from them at the inverse-kinematics

level, or assuming that the robot operates in a subspace which excludes the singular

points.
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It is worth noticing that the controller uses directly the feature error vector A¢&,
which is the difference between the desired feature vector and the actual one expressed
in the image coordinate frame. The controller also requires the measurement of the

joint position and velocity, the estimated knowledge of the nonscaled image Jacobian
matrix, and the gravitational torque vector G(g). However, the solution of the inverse

image and kinematics are obviated.

The closed-loop system is obtained by substituting the control Signal 7 from the

control law (3.1) into the robot dynamics (2.7)
" N . ar 1A
H(q)4+C(q.9)q =-K,§~ K,,JT<q)(JZ 5 )Ac‘ (3.5)

The robot dynamics include the unknown parameters, which must be determined
on-line. In the same time, in order to guarantee that the image errors will go to zero
when the joint velocities go to zero, the estimated image Jacobian matrix must be full

rank. An effect way is to adaptive these parameters to actual ones up to a scale.

3.2 Estimation of The Parameters

Notice that the relationship between the camera coordinate and the robot base

coordinate is
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X X nr D¢ -
Y =er l)Y +(‘T;)=|:( 10 (R'Zbil bY +[( lbjl (3.6)
Z bZ R3b Rdb bZ T?.b
Then
X c bX (o C
[Y} R,b[by]+ R, ’Z+°T, 3.7)
"X
Z="R, l: by]"’ ‘Ry"Z+°T, (3.8)

Since the intrinsic parameters, the transformation matrix and the depth between
the camera and the target are unknown when no calibration and no measurement are

performed, then we propose

Proposition 1: Arrange the m unknown elements of the product of the image

Jacobian matrix and the depth matrix by a mx1 vector 0. For 6x1 vector A&,
SR T :
the product of the matrix J, ——2—J¢ with the vector can be represented in the

following linear form:

(J[ —%Jf )Af =W(AE,u,v,q)0 (3.9)

where W(4&,u,v,q) is a regressor matrix whose elements do not depend on the

unknown parameters. Then

(;; —%J,T)Af—(ff -2 )Af WAL u,v,9)A0 (3.10)
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A

where 40=0-0 is the parameter errors, @ is real parameters. € is estimated

ones.

Based on the projection equation (2.12), we consider the following approach for
leading the estimated unknown parameters to tend to the actual ones up to a scale.

Thus, an equation is defined

=z ztj +laR, AR, {?}f } +|HR, -AR, 2

A u ~ |1
+ [Hrle —H‘T‘lb]—[zr[ 0:‘_2(['\0:\}
Vo Yo

=Y, (u,v,q)AB, +Y,(q)AO, +Y,(q)AO, + Y, A0, +Y,(q)A0, G3.11)

=Y, (u,v,q)AO

If n feature points are used, equation (3.11) can be extend to
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—ZAlqu "ch' —Zﬁlcﬁoj
ervl . Y ZAlrﬁO
ZAzcuz H 0 0 X, 22cﬁo
- Z,v, |-||0 A 0 Y, |-| 2,9, ||=Ywv,)A0  (3.12)
23r“3 0 0 A RE 23rﬁ0
Z,vs | RE Zhsrﬁo
L 4L PR T8 B D |

where Y(u,v,q) is a 2nXm regressor matrix without depending on any unknown
parameters, where n presents number of the feature points, m presents number of the

unknown parameters. In order to guarantee the parameters can be fully estimated,

n=m/2 points are adopted.

Proposition 2: If seven points are selected are they are not coplanar in the space, the

equation
Y(u,v,q) A0 =0
is equivalent to that the parameters can be estimated up to a scale
6=40
where A is a scalar.

This result is well known in the computer vision, and the detailed proof can be

referred to the book [38].

Remark 1: If Y(u,v,q)A@ =0, in equation (3.12), we have 2n equations, which is

not less than the number of the unknown parameters. Then we can conclude that all
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these unknown parameters could be estimated. This will lead the estimated unknown

parameters to tend to the actual ones up to a scale.

The following adaptive estimate method is proposed.

Aé’=—Kiq’K,,J’(q)W(Aé,u,v,m—AHTY’<u,v,q)K2Y(u,v,q) (3.13)

From the adaptive law,

A0"KAO =—q" K, JT (@)W (4&,u,v,q)AO—AO"YT (u,v,q)K,K,Y (u,v,q)AO

(3.14)

3.3 Stability Analysis

This section analyzes the stability of the proposed controller and adaptive algorithm.

Following is the main result of this thesis:

Theorem 1: The proposed controller in (3.1) and the adaptive estimated method
(3.13) guarantee the image errors asymptotically converge to the region defined by

the following equation

ot Tw N
(Ja——J,] AE=0 (3.15)

o

Furthermore, the estimated parameters are convergent to the real values up to a scale.

Proof: We define the following function.
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1 —_-%qTH(q)q +%A§TKPD(—Z)A§ +%A9TK,A0 (3.16)
where K, is a constant parameter and K, >0.
Notice that Z <0, then D(-Z)>0. And also from robot dynamics Property 1,

we can conclude that V' is a positive definite function. Differentiating above (3.16)

results in

. O 1 : ;
V =4 H(q)j +Equ(q)q it AfTKpD(—Z)Af+5A§TKPD(—Z)A§ + 467K, 40
(3.17)

From (2.31) and &, =0, we obtain
K,q"J"(@)J]D(-2)4¢ =E"K ,JT D(=Z) 4¢ (3.18)
and
%Af’KPD(—z')Af = —% K,Z"D(4&)4¢ = —% qu’jr(q)JjAg (3.19)
Substitute(3.18), (3.19) into above (3.17), then
V=4"H(@jq +%q’H(q)q +K,q"J"(q)J; D(=Z)4& —%K,,cfﬂ (q)J; A&+ 40" K, 46
(3.20)
By regarding Property 2, we know
§H@i+5 0 H @i =0 H @i+ Ca.di (321)

Substitute (3.5) into above (3.21), then
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: M o & e s i
qTH(q)q+5qTH(q)q=—qTK,.q—K,,qTJ T(q)(JZ £ Jy )Aé‘ (3.22)

Then we rewrite (3.20) as

Vo= —éTK\'é—K,,qTJ’(q)(JAZ —%f}).ag
| : (3.23)
+K.q"J" (q)(.]: —EJZ de +40"K,46
By using (3.10), we obtain
V=-4"K,g+q"K,J" (qW(4¢,u,v,q)40 + 40" K, 40 (3.24)

To make the above equation as a Lyapunov function, we use the proposed adaptive

estimate method (3.13), then
V=—4"K,g-A0"Y" (u,v,q)K,K,Y (u,v,q)AO (3.25)

Then, V is nonpositive function. It states that V is a Lyapunov function. Since
V is nonpositive function, V never increases. It means that ¢, A¢ and 46 are
bounded. From LaSalle theorem, we <can know limg—0 and
limY(u,v,q)A@ —0 , which implies that the estimated parameters will
asymptotically converge to the actual ones up to a scale. Then from the robot

T
dynamic (3.5), we can conclude that lim(ja —lfe) 45— 0, where fa is the

o

estimated nonscaled image Jacobian matrix.

Since those feature points are on a rigid body, a stronger result can be obtained.
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Feature i

Feature 1

Figure 3.1: Feature points on a rigid body

Consider a feature point i and a reference feature, for example feature point 1, on a
rigid body (figure 3.1). Their coordinates with respect to the robot base frame are
related by

X =X+Rd, (3.26)
where R, is the rotation matrix of the rigid body with respect to the robot base

frame and d; represents the vector from the feature point 1 to the feature point 7, By

the perspective projection transform,

c

£ =—1 M(x +Rd)=-22L -1 MR 4 (3.27)
Z,- Z,‘ Z“

Based on these analyses, we proposed:

Theorem 2: Under the control of the controller (3.1) and the adaptive rule (3.13), the
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position errors of the feature points on the image plane are convergent to zero, i.e.

lim4é — 0

e

Proof: Consider the following matrix

( j _lje) T N (3.28)
2 S +8D" (S, +8)7 (S, +8)T
where
a, 0
A=R" 0 a, (3.29)

1 A ol <
E(u, )=, —2—(v,. +v,)-9,

From equation (3.15), we can conclude

(1 —51) Aé= O:ZAAf 0

By substituting the equation (3.27) into above equation (3.30),

3

Zl f."'i [ZLMRdi_é:di]=O

i= Z|

Here we define,

(3.30)

(3.31)

(3.32)

It is easy to note that rank(y)=2. There exists only one solution for the image

coordinates of the feature point 1 to satisfy equation (3.30), this implies that only one

solution for all the feature points to satisfy equation (3.30) because of the one-to-one

mappings of their positions defined by equation (3.27). On the other hand, the zero
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position errors, i.e. A&, =0 are obviously one solution of the equation (3.30).
Therefore, all states must satisfy that A& =0. From LaSalle theorem, we can
conclude the convergence of the position errors on the image plane of the feature

points to zero.
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Chapter 4

Simulation

In this chapter, we show the performance of the proposed image-based controller by
simulations. We conducted the simulations on a 3 DOF manipulator, which neglect
the last three joints of the Puma 560 manipulator. The physical parameters of Puma

560 are shown in the following figure.

Figure 4.1: Robot manipulator
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Where al=243.5mm, a2=431.8mm, a3=93.4mm, ml=17.4kg, m2=4.8kg. In the
following simulations, the three feature points are attached to the end-effector.

We first set initial position and record the image positions of these three points,
then let the end-effector move to another position and record these image positions as
the desired positions. In order to get comprehensive simulation results, two

simulations are carried out.

4.1 Simulation I

In the first simulations, the initial image features coordinates are:
&, =(410.89 520.01 413.25 510.51 420.05 537.36)"  (pixels), and the
desired ones are ¢&,=(300.42 346.14 306.19 360.28 295.00 329.10)"

(pixels). The control gains are K, =0.00002, K, =2,K, = 0.04, K, =0.00012. The

rotation matrix between the robot frame and the vision frame is

0 1 0 0 1 0
R=(0.09 0 1 the estimated oneis R=|0.31 0 0.95 |. Other parameters
1 0 0.09 095 0 -0.31

are in Table 4.1.
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Parameters Values
Real parameters Initial estimated parameters
a, (pixel) 800 900
a, (pixel) 900 920
u, (pixel) 300 350
v, (pixel) 400 490
f (m) 0.01 0.02
Table 4.1: Parameters of simulation I
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4.2 Simulation II
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In the second simulation, the initial image features coordinates are:
& =(410.89 520.01 41325 510.51 420.05 537.36)" (pixels), and the
desired ones are &, =(459.46 582.06 452.69 577.73 476.67 590.52)"

(pixels). The control gains are K, =0.00004,K, =1,K, =0.4.K, =0.0004 The

rotation matrix between the robot frame and the vision frame is

0O 1 0 0 1 0
R=[0.09 0 1 |,theestimatedoneis R=| 0.5 0 0.87|. Other parameters
1 0 0.09 0.87 0 -0.5
are in Table 4.2.
p : Values
e | Reat parameters Initial estimated parameters
a, (pixel) 800 700
a, (pixel) 900 920
u, (pixel) 300 450
v, (pixel) 400 490
J (m) 0.01 0.02

Table 4.2: Parameters of simulation II

As we can see from Figure 4.2 and Figure 4.3, the asymptotic convergence of the

image errors is guaranteed. The sample time of simulation is 2ms.
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Chapter 5

Experiments

We have implemented the controller in the Modified Puma 560 Manipulator in the
Chinese University of Hong Kong. High-precision Encoders are used to measure
joint angles. The joint velocities are obtained by differentiating the joint angles. A
control board mounted in a Pentium II computer, which provides an environment for
the experimental execution, controls the robot manipulator. The proposed controller
is programmed in C language.

We fixed a camera about 3 meters away from the robot manipulator. This camera
is a high-resolution 2/3” format camera made by SONY company. It is model
PULNiX TMC-76, which has a pixel array with 768(H)x576(V). A frame processor
MATROX PULSAR installed in a PC with Intel Pentium II CPU acquires the video
signal. This PC processes the image and extracts the image features. The sample time
of the experimental system is 120ms.

In order to evaluate the proposed image-based visual servo controller, we did

several experiments. The control gains are chosen as: K, =0.00002N-m/pixels ,
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K,=0.5N-m-s/deg, K, =0.5.K,=0.000012 The rotation matrix between the robot

a. .1 .0
frame and the vision frame is R=[(009 0 I the estimated one is
1 0 0.09
0 . 1 0
R=|031 0 0.95 |.Other parameters are in Table 5.1.
095 0 -031
Parameters g s
Real parameters Initial estimated parameters
a, (pixel) 4763 4000
a, (pixel) 4515 5000
u, (pixel) 550 400
v, (pixel) 300 400
f (m) 0.01 0.02

Table 5.1: Parameters of experiments

Figure 5.1 shows the 3 DOF robot manipulator used in experiments. This robot
manipulator is developed by the Robot Control Lab in the Chinese University of
Hong Kong. The patterns of feature points on the image are plotted in Figure 5.2.
The three big dots in figure denote three desired image features on computer image

plane. In Figure 5.3, we show a schematic of the system set up used for testing the
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new visual controller. This system include a camera, a 3 DOF robot manipulator and
a computer, they are connected with each other by several board installed in the
computer.

In order to get comprehensive results, three experiments are carried out. The main
difference between these three experiments is the initial position. The robot
manipulator is set to different initial position and they should go to the same desired
position. And the results are shown in Figure 5.4, 5.5 and 5.6.

Figure 5.4(a), 5.5(a) and 5.6(a) depict the three features position errors in image
frame. The trajectories of the features on computer image plane are presented in
Figure 5.4(b), 5.5(b) and 5.6(b). As shown in Figure 5.4, 5.5 and 5.6, the image
feature points asymptotically converge to the desired ones. These experimental
results verified the performance of the new controller.

The simulation and experimental results both verify asymptotic convergence of the
proposed controller. However, the time period for simulation is about 2ms and for
experiment is about 120ms, which make the experiment response relative slow
compare to simulation one. Due to the uncertainty in camera intrinsic and extrinsic
parameters in experiments, while these parameters are known accurate in simulations,
the condition for simulation and experiments can not be set exactly the same. The
object of simulations is to test the theory; the object of experiments is to test the

controller in real environments.
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Figure 5.2: Patterns of the image feature points
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Figure 5.3: The experiment set up system
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Chapter 6

Conclusions

6.1 Conclusions

In this thesis, we have studied the problems of uncalibrated visual servoing using an
adaptive approach. The work of this thesis is summarized as follows:

(1) Based on the fact that few people deal with visual servo problems in totally
uncalibrated environments, we proposed a new image-based visual servo
controller. In order to obtain better performance, the full dynamics of
manipulator is also taken into account in controller design. The controller uses
an adaptive algorithm to estimate parameters on-line so that the system is
asymptotically stable.

(2) We developed an adaptive law to estimate the unknown parameters including
the camera intrinsic parameters and the homogeneous transformation matrix
between the robot frame and the vision frame. The estimate parameters

asymptotically approach to the actual ones up to a scale.
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(3) We designed an image-based visual servo controller for an eye-and-hand
system. It is proved with Lyapunov approach that the controller guarantees
asymptotic convergence of the feature points errors on the image plane
corresponding to the motion of the robot manipulator.

(4) The performance of the controller has been verified by computer simulations
and experiments on a 3 DOF robot manipulator. The simulations and
experiments results confirmed the expected convergence and high performance

of the proposed controller.

6.2 Feature Work

In this thesis, we only conducted research on the regulation problem with

uncalibrated visual feedback. Our feature work will be targeted on the following

issues:

I

Uncalibrated trajectory tracking visual servo controller in image-based approach
should be developed further.

The visual velocity is usually obtained by the distance over the period time. The
sample rate is relative low in practice, which make the visual velocity
measurement subject to big noises. We should develop a controller that uses only

position instead of velocity.
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3. This work is focused on eye-and-hand system. This control algorithm can also be

applied to eye-in-hand systems. This should be developed further.
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Appendix

A. Control Theory

We briefly review some control theories used to analyze stability of the systems in
this thesis. These topics are covered in detail in book Slotine and Li [37], we only

present some important results here.
Definition 1 (Stability)

The equilibrium state x =0 1is said to be stable if, for any R>0, there exists r>0,

such that if ||x( 0 )|| < r,then "x( t )|| <R forall 720.Otherwise, the equilibrium

point is unstable.
Definition 2 (Asymptotic Stability)

An equilibrium point 0 is asymptotically stable if it is stable, and if in addition

there exists some r >0 such that ||x(0)|| <r impliesthat x(t)—0 as t — oo,

Definition 3 (Locally Positive Definite)
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A scalar continuous function V(x) is said to be locally positive definite if

V(0)=0 and,inaball B,
x20=>V(x)>0

if V(0)=0 and the above property holds over the whole state space, then V( x)is

said to be globally positive definite.

Definition 4 (Lyapunov Function)

If, inaball B, the function V(x) is positive definite and has continuous

partial derivatives, and if its time derivative along any state trajectory of system

X = f(x) isnegative semi-definite, i.e.,
V(x)<0

then V(x) is said to be a Lyapunov function for the system x= f(x)

Theorem 1 (Local Stability)

If,in a ball B, , there exists a scalar function V(x) with continuous first partial
derivatives such that

e V(x) is positive definite (locally in B )

e V(x) isnegative semi-definite (locally in B, )
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then the equilibrium point 0 is stable. If, actually, the derivative V(x) is locally

negative definite in By , then the stability is asymptotic.

Theorem 2 (Global Stability)

Assume that there exists a scalar function V of the state x, with continuous first order
derivatives such that

e V(x) is positive definite
e V(x) isnegative definite
o V(x)—>o as [ oo

then the equilibrium at the origin is globally asymptotically stable.

Definition 5 (Invariant Set)

A set G is an invariant set for a dynamic system if every system trajectory which

starts from a point in G remains in G for all future time.

Theorem 3(Global Invariant Set Theorem)

Consider the system x = f( x), with fcontinuous, and let V(x) be a scalar

function with continuous first partial derivatives. Assume that

e V(x)—oo as ||x||——>oo
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e V(x)<0 over the whole state space

let R be the set of all points where V(x)=0, and M be the largest invariant set in R.

then all solutions globally asymptotically converge to M as t — oo .

Theorem 4 (Barbalat’s lemma)

If a scalar function V( x,z) satisfies the following conditions
e V(x,t) islower bounded
e V(x,t) isnegative semi-definite
e V(x,t) isuniformly continuous in time

then V(x,t)—0 as t—oo.
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