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A new trend in mobile robotics is to integrate visual information in feedback control for facilitating autonomous grasping and manipu-
lation. The result is a visual servo system, which is quite beneficial in autonomous mobile manipulation. In view of mobility, it has wider
application than the traditional visual servoing in manipulators with fixed base. In this paper, the state of art of vision-guided robotic
applications is presented along with the associated hardware. Next, two classical approaches of visual servoing: image-based visual
servoing (IBVS) and position-based visual servoing (PBVS) are reviewed; and their advantages and drawbacks in applying to a mobile
manipulation system are discussed. A general concept of modeling a visual servo system is demonstrated. Some challenges in developing
visual servo systems are discussed. Finally, a practical application of mobile manipulation system which is developed for applications of
search and rescue and homecare robotics is introduced.
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1. Introduction destruction of the World Trade Center (WTC) in New York
City which resulted in the death of 343 firefighters and 65
other rescuers. A significant loss of life was caused in this
situation due to search and rescue operations in an unsafe
environment. Generally speaking, rescue workers have
about 48h to retrieve trapped humans subsequent to a

faces and disaster scenes. These autonomous mobile robots disaster. However, much time is wasted because of the lack

are applicable in a number of challenging practical tasks ~ ©Of necessary equipment and resources for accessing col-
such as cleaning of hazardous material, surveillance, rescue, lapsed buildings or generally unsafe areas. Robotic rescuers
and reconnaissance in unstructured environments which  will be able to carry out rescue operations more efficiently
can be too hazardous for humans. It is expected that this without further endangering human life.

In recent years, the emphasis of robotic research appears to
have shifted from the development of robots for structured
industrial environments to the development of autonomous
mobile robots operating in unstructured and partially
known natural environments, such as homes, planet sur-

new class of mobile robots will have extensive applications Ten years after the WTC incident, an earthquake fol-
in activities where human capabilities are needed, yet not lowed by a tsunami, in Sendai, Japan, resulted in a nuclear
suitable or impractical for human presence. reactor crisis. It was another situation where robotic search

An example for the necessity of autonomous search and

e ; and rescue would have been effective. Unfortunately, there
rescue robots was highlighted in the 2001 attack and

was no report of the use of robots in that situation even
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Another good application of mobile manipulation sys-
tems is in homecare environments. Since the overall average
age of the world population is growing, the percentage of
nonworking elders is increasing with respect to the working
population. In Canada, statistics show that the percentage of
the senior population will reach about 25% of the overall
population in 2050, while that percentage was a mere 8% in
1971. This dramatic change will cause financial problems
(in particular, more public funds will be needed for health-
care and homecare) as well as social problems (in particular,
a shortage of human caregivers and its effect on families). An
effective solution to this problem is to employ autonomous
mobile robots with adequate task capabilities and intelli-
gence to carry out many of the needed tasks. Robots can be
designed for taking care of elders (and the disabled) in their
own home environments, providing assistance in daily ac-
tivities, medical needs, surveillance, and so on. Not having to
relocate the care receiver from the familiar home environ-
ment is a clear benefit in this regard. Also, round-the-clock
care can be provided by a robotic system, in a consistent
manner. Furthermore, the family members will have the
freedom and peace of mind to pursue their own activities
such as employment and education while being able to
monitor the home scenario on line with the use of the sys-
tem sensors and communication links.

As investigated in the present work, a mobile robotic
manipulation system is rather complex and involves multi-
domain technologies such as computer vision, artificial
intelligence, mechanical and electrical design, signal pro-
cessing, sensing and control. The objective of this paper is to
review some important applications of vision-guided
robotics systems, especially visual servoing. The state of art
of vision-based mobile robotics and the associated hard-
ware will be presented along with some targeted appli-
cations. Traditional visual servo methodologies and
underlying challenges in applying them in autonomous
mobile manipulation will be discussed. The integration of a
vision system into a robot controller will be introduced
along with the basic configurations of cameras in such
systems. A general concept of controller design for visual
servoing will be demonstrated. As an application, a mobile
manipulation system, which has been developed in the
Industrial Automation Laboratory of the University of
British Columbia, for autonomous mobile rescue robotics
will be demonstrated.

2. Vision-Guided Robotics Systems

Artificial vision is a powerful sensor as it mimics human
sense of vision and allows noncontact measurement of a
work environment. Moreover, it can generate a variety of
sensory information such as position, distance, and features

needed for object identification. Because of its advantages,
researchers have paid attention to computer vision and
practical applications. Since the invention of the camera,
much effort has gone to applying vision as a feedback
sensor in industrial control systems. Vision guided robotics,
which integrates a vision system into a robot system, has
been a major research area for decades. A common appli-
cation in this field is the inspection of manufactured goods
such as semiconductor chips, automobiles, food products,
and pharmaceuticals. Other recent applications in this area
involve vision-based object detection, monitoring of UGVs
(Unmanned Ground Vehicles), tracking of mobile robots,
and vision-based feedback control of robotic manipulator
movements (visual servoing).

2.1. State of the art of mobile robotic systems

Among the projects of vision guided robotics applications,
well known is the “DARPA Urban Challenge”. This project
promoted the development of autonomous mobile robots
for a specific purpose which is autonomous driving of a
vehicle in an urban environment. These robots were
designed and developed to adapt to drive in urban traffic
while performing complex maneuvers such as merging,
passing, parking and negotiating intersections. Figure 1
shows some of the examples in the DARPA Urban Challenge.
In these vehicles, camera is a primary sensor that provides
feedback from the environment to the vehicle control sys-
tem. In Refs. 1 and 2, the details of design and development
of hardware and software for such vehicles were introduced
and discussed.

Current applications of vision guided robotics and as-
sociated hardware are mainly intended for mobile naviga-
tion. Ma in 1999 developed a vision-guided navigation
system where a nonholonomic mobile robot tracked an
arbitrarily shaped continuous curve on ground.® They for-
mulated this problem as one of controlling the shape of a
curve on the image plane, and presented the corresponding
control laws. Fang et al. in 2005 presented an adaptive
tracking controller of a wheeled mobile robot, which used
an un-calibrated camera system.” In their paper, the pa-
rameter uncertainty of the mechanical dynamics and the
camera system was considered, and an adaptive controller
was proposed to cope with this uncertainty. In order to
implement robust vision-based autonomous navigation
systems, various approaches have been explored such as
planning of image-trajectory or image-memory,”° embed-
ded velocity fields,” specific geometry features (vanishing
points and line orientationsg), stereo cameras, and omni-
directional or catadioptric cameras.’~ ! The possible reason
for this limited activity is that vision-based mobile manipu-
lation requires accurate and robust positioning performance
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Fig. 1. Some example vehicles in DARPA Urban Challenge.

and hence it is more challenging than vision-based mobile
robot navigation.

Vision-based automated manipulation has been playing a
significant role in industrial and service applications for
years. Many of the related applications have been reviewed
in Refs. 12 and 13. However, they considered fixed base
robotic manipulators only, which are typically applied in
structured and known work environments. The new trend
is to integrate visual servoing into a mobile robot for car-
rying out the activities of grasping or manipulation auton-
omously, resulting in a vision-based autonomous mobile
manipulation system. Compared to traditional visual-servo
control that is employed in fixed base robotic manipulators,
a vision-based mobile manipulation system has many

advantages. Obvious among them is that the robotic system
becomes more flexible and has wider applications than a
traditional fixed base manipulator system. Since the robotic
arm (manipulator) and the cameras are usually mounted on
a mobile base, a mobile manipulation system possesses
better maneuverability and terrain coverage capability than
a fixed base manipulator. The historical robotic systems that
have been developed since the 1980s are reviewed in
Ref. 14. In general, these robotic systems have the con-
ventional architecture of four subsystems: mobile platform,
robotic manipulator, tooling and sensors.

Figure 2 shows some of the newly developed mobile
manipulation systems for different applications. They are
Willow Garage PR2'°'¢ and DLR Rollin’ Justin'” of homecare
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and service robots; NASA/GM Robonaut'® and NASA Mars
Rover'? for space robotics; TALON IV engineer?® and iRobot-
PackBot EOD?! which are applied in military; and KUKA
OmniRob?? and Neobotix?® in applications of industrial
robotics.

2.2. Typical sensors

Many off-the-shelf sensors (e.g, GPS, compasses, gyro-
scopes, and ultrasonic sensors) that are available for mobile
robots are introduced in Ref. 24, giving their operating
principles and performance limitations. Camera and laser
range finder are the most commonly used sensors in mobile
manipulation systems. A vision system is passive and has
high resolution. With the help of advanced machine vision
technologies, it can provide the location information of
objects in the workspace using the vision information
acquired from camera scenes. It appears to be the most

promising sensor category for future generations of mobile
robots.

Two general camera configurations are used in visual
servo systems: eye-to-hand configuration and camera-in-
hand configuration, which are shown in Fig. 3. In the eye-to-
hand configuration (Fig. 3(a)), the camera is fixed in the
workspace and observes the robotic “hand.” Therefore, the
field of view of the camera does not change. The camera
keeps tracking the positions of both the robot end-effector
and the target object in the image plane during the visual
servo operation. In this configuration, the geometric re-
lationship among the camera, robot and target object is
fixed, the advantage of which is straightforward environ-
mental modeling and 3D reconstruction. However, the end-
effector can easily occlude the camera field of view and
block the target object in the image plane. Moreover,
since the camera is fixed in the environment, its field of
view cannot be changed, which is a limitation in mobile
manipulation applications.

G

(d)

Fig. 2. Examples of mobile robot manipulation systems in different application areas. Service Robots: (a) Willow Garage PR2; (b) DLR
Rollin Justin. Space Robots: (c) NASA/GM Robonaut; (d) NASA Mars Rover. Military Robots: (e) TALON IV engineer; (f) iRobot-PackBot

EOD. Industrial Robots: (g) KUKA OmniRob; (h) Neobotix.
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(h)

Fig. 2. (Continued)

In the eye-in-hand configuration, the camera is mounted
at the end-effector of the robot. In this configuration, the
camera will move with the robot. Therefore, the field of
view of the camera changes constantly and depends on the

g

D Image plane

(@

position and orientation of the end-effector, which is an
advantage. It is suitable in applications of visual servoing of
mobile robots. Moreover, it can avoid the problem of
occlusion since the camera is mounted on the end-effector

Image plane

=z

(d)

Fig. 3. (a) Eye-to-hand configuration; (b) Eye-in-hand configuration.



Un. Sys. 2013.01:143-162. Downloaded from www.worldscientific.com
by Dr Ben Chen on 07/04/13. For personal use only

148 H. Lang et al.

of the robot. However, it has disadvantages as well. For
example, the geometry of the camera, robot and the target
object changes as the end-effector moves, and the camera
view may dramatically change even for small movements of
the robot.

In the case of a mobile robot, the base frame is not fixed,
and the base coordinate frame changes with time as the
robot navigates. A pre-defined approach to manipulation, as
typically used in industry, will not work in this case.
Therefore, a camera fixed in the environment, which works
as an eye-to-hand configuration, is not suitable because it is
typically not possible to cover the entire workspace of
the mobile robot by using a single camera. Therefore, the
eye-in-hand configuration is more suitable for mobile
manipulation applications.

In addition to the vision information, the distance in-
formation is also crucial in mobile manipulation. Sonar and

laser distance finders are two typical sensors for sensing
distance. Sonar is fast and inexpensive but is usually rather
crude, whereas laser scanning is active, accurate and widely
applied in mobile robotics. Figure 4 shows two type of laser
distance finders and their sensing results. Hokuyo URG-
04LX sensor can be thought of as miniature sonars that use
light instead of sound to create 2-D maps of the neighbor-
hood of objects close to the robot. The scanner has an
angular scanning range of 240°, and the angular resolution
is approximately 0.36° degrees with a scanning refresh rate
of up to 10 Hz. Distances ranging from 20 mm to 4 m may be
measured. The SICK LMS 200 2D scanner has a horizontal
range of 180° with a maximum resolution of 0.5°.

Another way of measuring distance is to utilize multiple
cameras. This approach is termed stereo vision. Figure 5
shows two commercial stereo vision sensors: BumbleBee 2
and Microsoft Kinect.
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Fig. 4. Typical laser distance finders: (a) The Hokuyo URG-04LX sensor; (b) SICK LMS 200 2D scanner.
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An important benefit of a stereo camera is that it can
provide object identification and distance data simul-
taneously. A stereo camera has two sets of cameras as
shown in Fig. 6. Suppose that a point P is observed by two
cameras simultaneously. Its projections to the image planes
of the two cameras are at p and p’, as shown. Note that O
and O’ are the optical centers of these two image planes.
The line I’, which is in image II, is called the epipolar line
associated with point p of image I. Also, eL and eR are
called epipoles of the two cameras. The epipolar ey is the
projection of the optical center O; in the right camera
frame.

Epipolar constraint?® states that if p and p’ are the
projections of the same point P in different cameras, then p’
must lie on the epipolar line associated with p. This result
plays a fundamental role in stereo vision. The epipolar
geometry can be simplified if the two camera image planes
coincide, as shown in Fig. 7. In this case, the epipolar lines
also coincide. Furthermore, the epipolar lines are parallel to
the line between the focal points, and can in practice be
aligned with the horizontal axes of the two images. This
means that for each point in one image, its corresponding
point in the other image can be found by looking only along
a horizontal line.

I
o <®? e \l Baseline = \q\e*‘
7 <
W Epipolar lin &

Fig. 6. Model of a stereo camera.
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Fig. 5. Stereo vision sensors: (a) BumbleBee®2 stereo camera; (b) Microsoft Kinect.

The distance can be calculated by measuring the dis-
parity, which is defined as

B B
d:UL—URZfE—’Z:fE~ (1)

Here, Disparity = k/depth, and k is a system parameter,
which can be acquired by calibration. By introducing the
epipolar geometry and its constraints, the stereo vision
problem is converted into a feature identification problem.
In other words, the distance between the camera and the
object in terms of the camera coordinates can be found by
finding the position difference of the object in the right and
left images (Fig. 7). Some applications of stereo vision are
given in Refs. 26—28.

3. Basic Categories of Visual Servoing

A vision-based mobile manipulation system typically uses
computer vision data as sensory feedback for controlling
the motion of the robot. This is also called a visual servo
system or a visual servo control system. It involves a fusion
of many related technologies including machine vision,
robot modeling, control theory, and real-time computing.

Optical center

—
Left camera Right camera

Fig. 7. Simplified case of epipolar geometry.
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Specifically, in visual servoing, the vision system provides
feedback information about the current state of the en-
vironment to the controller.?’

The earliest research of visual servoing was reported in
1979.2° However, the image processing procedure took
seconds due to the limitation of the available computers
and image sensing devices at that time, making real-time
control virtually infeasible. Subsequently, in 1980, Sander-
son and Weiss introduced a taxonomy of visual servo sys-
tems through a control structure.*’ It was called Dynamic
Look-and-Move Structure where the control architecture
was hierarchical and used vision to provide set-point inputs
to the joint-level controller. The sub-control system utilized
the joint feedback to internally stabilize the robot (Fig. 8).

With the rapid advancement of computer technologies
and image sensing hardware (CCD and CMOS), computer
vision is much faster now than it was in the 1980s. Direct
visual servoing came to the attention of researchers in the
1990s. Direct visual servoing utilizes a visual servo con-
troller which directly relies on vision information to com-
pute joint inputs, thereby stabilizing the robot (Fig. 9).
Hutchinson has reviewed many of the related work.?° Since
then the term “visual servoing” has come to be accepted as
a generic description of any type of visual “feedback con-
trol” of a robotic system. The subject has been under study
in various forms for more than 20 years, in contexts ranging
from simple pick-and-place tasks to today’s real-time,
complex tasks involving multiple robots and objects, and
autonomous cooperation, in dynamic, unstructured and
unknown environments.

3.1. Image-based visual servoing (IBVS)

The classical visual servoing can be classified into the
image-based approach and the position-based approach.*’
The two approaches share a common control block diagram
with a slight difference in the control feedback loop and the
reference input (Fig. 10).

The goal of IBVS is to eliminate the position errors of the
feature points in the image plane by controlling the vel-
ocities of the robot joints. The underlying concept of IBVS is
that the controller will continuously adjust the speeds of the
robot joints so that the coordinates (u;,v;) of the feature
points on the image are moved toward the desired position
(ug,,vq4,) on the image. In particular, the error vector of the
image feature point is given by

o {u—ud} _ {—Sx(’”—”d)}7 2)

vva| " [ =s(c—c)

where s, and s, are the dimensions of the pixels of the
image sensor, which is a charge-coupled device (CCD) in the
present case. Also, r and c are the vision measurement of
feature points in the image, and r; and c; are the desired
positions of the feature points in the image.

Figure 11 shows the physical representation of the fea-
ture points in the IBVS system where the “*” are the desired
positions and “o0” are the current positions of the feature
points in the camera scene (image). The operating principle
of the system is to control the motion of the joints so that the
feature points navigate from the current positions to the goal
location. Some IBVS applications are reported in Refs. 32—34

+
Feature Space/Cartesian Joint _ | Mobile Robot/ _
Control Laws | Controller M anipul ator o
Joint Angle
Sensors
Image Featurq Extractlon/Obj ect Image Cameras
Estimation

Fig. 8. Block diagram of a dynamic look-and-move system.

+
Feature Space/Cartesian > Mobile Robot/Manipulator >
Control Laws
Image Femurq Extractlon/Obj ect Image Cameras
Estimation

Fig. 9. Block diagram of a typical (direct) visual servo system.
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Fig. 10. Block diagram of a typical visual servo system (1. Position-based; 2. Image-based).
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Fig. 11. The concept of IBVS.

3.2. Position-based visual servoing (PBVS)

In PBVS,3>3¢ features are extracted from the images
obtained by one or more cameras, and used in conjunction
with the camera model and a geometric model of the target
object to estimate the pose of the camera with respect to the
object. Three coordinate frames are involved in the control
system: current frame f,, desired frame f;, and reference
frame f,. The reference frame is usually attached to the
object in the workspace. The controller seeks to reduce the
error between the current pose and the desired pose in a
3D (three-dimensional) workspace by adjusting the speed
of the robotic joints. Since the control scheme is defined in
the Cartesian space (3D workspace) for PBVS, it is usually
referred to as 3D visual servoing, while IBVS is called 2D
visual servoing since it only considers the feature points in
the image (2D workspace). A feature in PBVS can be defined
as:

s= (T, 0U), (3)

where T is the translation vector and AU is the orientation
vector. The error dynamic equation can be derived as:

e= (TS —T,,0U). (4)

The interaction matrix may be written as:

L {—13 [Tf]x]’ (5)

0 Loy

where Ly is given by Ref. 35:

0 sincf
L9U=13—E[U]x+<1—.—zg>w]2m (6)
sinc 7
where sincx is the sine cardinal defined such that
xsin cx = sinx and sin c0 = 1. The velocity control scheme
may be written as:

v. = —kL le. (7)

Figure 12 shows a physical experimentation of PBVS.
There are four feature points in the workspace which rep-
resent the object of interested. The system controls the
motions of the robot joints in order to orient the camera
toward a goal pose from the current pose in 3D workspace.

Both IBVS and PBVS have their advantages and dis-
advantages. In applications of autonomous mobile rescue
robotics, the workspace is usually unknown; the base frame
of the robot is always moving and changing; and the objects
are not predefined well. Therefore, the 3D models of the
targets are unavailable. In this situation, IBVS has the ad-
vantages of reducing the computational burden, omitting
unnecessary image interpretation, and eliminating the
calibration errors in sensors and cameras; and the eye-in-
hand camera configuration is more suitable than the eye-to-
hand configuration. However, the IBVS system introduces
nonlinear and time varying terms into the system model
which makes it a more complex control problem. Moreover,
obtaining the depth information is a challenging problem.

4. Modeling of Visual Servo System

Modeling of mobile manipulation system usually consists of
kinematic modeling of robots and modeling of cameras. The
former incorporates extensions of the principles of rigid
motions and homogeneous transformation,®” and the latter
incorporates modeling of perspective projection of a pin-
hole camera.*®
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Pose of the camera
at start.

Four feature points
/of the object.

Pose of the camera
at the end.

Fig. 12. The concept of PBVS.

4.1. Kinematic modeling of robots
Traditionally, the rigid motions of a robot can be rep-
resented by the matrix

H:{R d}, Re SO0(3), deR?, (8)

0 1

where R represents a 3 x 3 rotational matrix; and d is a
distance vector. The matrix in Eq. (8) is called a homo-
geneous transformation, which represents the rotational
and displacement relationships between two coordinate
frames. It is a 4 x 4 matrix. The last row of the matrix
consists of three zeros and a one; and remaining elements
are composed of a rotation matrix and a position vector.
In robotic applications, a commonly used convention for
defining the coordinate frames of reference and generating
the homogeneous transformation matrices is the Dena-
vit—Hartenberg (DH) convention. It was introduced by
Denavit and Hartenberg'® to simplify the modeling pro-
cedure in generating forward kinematics (i.e., expressing
the end-effector movement in terms of the joint move-
ments) of a robot. There are four parameters in this rep-
resentation: 6;, d;, a; and «;. The detailed definitions of these
four parameters are given in Table 1.
Suppose that the coordinates are assigned based on the two
DH rules:

(DH1): The axis x; is perpendicular to the axis z_;
(xiLz; 1)

(DH2): The axis x; intersects the axis z;_; (x; N z;_; # ().

Then, there exists a unique homogeneous transformation
matrix that takes the coordinates from one frame to the
base frame, as given by:

H = Rot, yTrans, 4 Trans, ,Rot, ,

ct; —s#; 0 071 0 0O O
s§; ¢4 0 0|[0 1 0 O
“lo o 10|00 14
0 0 01 0 0 01
1 0 0 ][1 O 0 o0
010 0 0 ca; —sa; O
* 0010 0 sa; ca; O
00 0 1 0 0 0 1
cd; —sbica; sOiso;  a;ch;
s8; clica; —cOisa;  a;so;
- 0 s ca; d; ’ ®)
0 0 0 1

where Rot,, is the rotational matrix about the z-axis,
Trans, 4 is the translational matrix along the z-axis, Trans, ,
is the translational matrix along the x-axis, and Rot,, is the
rotational matrix along the x-axis. Figure 13 shows an
example of coordinate assignment according to the DH rules
where x; 1z, and x; N z;_1 # 0.
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Table 1. Denavit—Hartenberg convention.

Parameter Axis

Description

Joint Angle: The angle from x;_; to x; measured about z;_; — Variable for revolute joints.
Link Offset: Distance along z;_; from o0;_, to the intersection of the axes x; and z;_; — Variable for prismatic joints.
Link Length: Distance along x; from the intersection of the axes x; and z;_; axes too; — Constant perpendicular

91 Ziq
d; Zi1
a; Xj
distance between z;_; and z;_;.
Q; X; Link Twist: The angle from z;_; to z; measured about x; — Constant angle between z;_; and z;.

a(-)

di(+)

'€

Fig. 13. An example of coordinate frames satisfying DH
convention.

If the coordinates are defined according to the DH con-
vention, the forward kinematic model of the robot can be
represented in the form given in Ref. 9.

4.2. Camera modeling

The simplest model of a camera is the pinhole camera
model, which is shown in Fig. 14(a). In this model, light
from a point on the object (P) in the world space passes
through a pinhole and projects onto the camera image
surface called the image plane. For an ideal pinhole camera,
the camera plane is located at a distance f (focal length)
behind the pinhole. The origin of the coordinate frame is
called the center of projection in the image plane. The
intersection of the z-axis and the image plane is known as
the principal point.

Figure 14(b) shows a pinhole camera model with the
reflected image plane model.”* This model has the advan-
tage that the projected object (x’) in the image plane is
reversed when compared with the object in the world space
(X). Therefore, the modified pinhole camera model simply
shifts the image plane to the front of the principal point by

P (X Yo Z)
A
X
0 ° »’
X Optical Axis
p
f z
Image Plane Pinhole Object
(@
P (X Yo Z)
/ A
p(u,V X
o O i 5 g
X a Optical Axis o
p
f Y|
mage Plane
f z
Image Plane Pinhole Object
(b)

Fig. 14. (a) Pinhole camera model; (b) Pinhole camera model
with reflected image plane.

2f. In this model, the image reversion problem is resolved.
Meanwhile, the size of the projected object does not change,
in view of the property of similar triangles. If camera focal
length fis known, and the coordinates of the point object in
terms of the camera frame is known as well, which is denoted
by (x., Y., Z.), we can determine the coordinates of the point
in the real world in terms of the camera frame by sensing the
position of the projected point in the image plane (u,v):

X, u
kKlye| =V (10)
Z f
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where u, v are the coordinates of the projected point in the
image plane. It is seen that these equations can help identify
the 3D position of a point in the camera frame if u and v are
measureable. However, it is not easy to measure these vari-
ables. The sensor of a digital camera is a two-dimensional
array whose elements are called pixels, as shown in Fig. 15.
These pixels are not continuous, and there exist gaps among
the pixels. Moreover, a pixel element is usually rectangular
and not square, especially in inexpensive cameras. The
dimensions of the pixel element are descried by s, and s, in
Fig. 15. Also, the origin of the image coordinate frame, which
is the principal point, is usually not the center of the image/
pixel plane. There exist offsets in real situations.

In Fig. 14(b), P is a point in the work environment with
coordinates (x,y, z¢) relative to the camera frame, and p is
the projection of P on the image plane with coordinates
(u,v) relative to the image plane frame and with coordi-
nates (r,c) relative to the pixel coordinate frame. The dis-
tance between the origin of the camera frame and the image
plane is denoted by )\ and the coordinates of the principal
point are (o,, 0.) with respect to the pixel coordinate frame.
The coordinate transformation between the frames is given

by:
u= _Sx(r - Or)
v=—s,(c—o) ’

X
r:—ﬁ(;+o,

(11)

(12)

?

yC
c= —jfvz—c—koC

where s, and s, are the horizontal and vertical dimensions,
respectively, of a pixel as given by f, =2 and f, = 2.
X y

Let p be a feature point on the image plane with coor-

dinates (u,v). The moving velocity of p can be expressed in
terms of the camera velocity using the interaction matrix

Origin of the pixel
coordinate frame >

{(r.o)

A pixel

Origin of theimage
coordinate frame
{(uw} ¥
Image plane

Fig. 15. Image plane and pixel plane.

A u uv A2 +u?
A
_ zZ¢ z¢ A A ¢
0 A v oAy w0
z¢ z€ A A
(13)

In Egs. (11)—(13), there are several unknowns: the
dimensions of the sensor (s, and s,), focal length of the
camera (f, and f,), the location of the principal point (o,
and o), and the velocity of the camera with respect to the
camera frame (££). These parameters can be determined
through camera calibration, which involves finding two
groups of parameters:

(1) Intrinsic camera parameters
(2) Extrinsic camera Parameters.

Camera parameters
Since cameras are usually rigidly attached to the robots or
mounted on tripods, the rotational matrix RY and the
translational vector T} can be easily determined. Therefore,
if we know the 3D position of a point P in the camera frame,
the coordinates of this point in the world frame can be
determined by using
PY =R!P‘+ T/ (14)

or conversely,

PE = RG(P¥ — TY) = RLP* —RLTY, (15

where RS, and R}, T/ are called the extrinsic camera par-
ameters. We will denote them by R and T, respectively, for
brevity. Consider the rotational matrix:

Ri1 Riz Ry3
R= Ry Ry Ry (16)
R31 R3; Rs3
and the translational vector:
T = [TX Ty TZ}T (17)

with respect to the world coordinate frame. The coordinates
of the point in terms of the camera frame can be found by

XC=r XY +rpyY +rizt + Ty, (18)
Ye=rux" +rynyY +ryazh + T, (19)
ZC: r31XW—|—r32yW+r‘33ZW+TZ. (20)
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Substituting (18)—(20) into (12), we obtain
ruXY +rpy¥ +rizzv + Ty

xC
—0. = —f°"_ = 21
r Or _f;( ZC X r31XW + r32yw + r33ZW + Tz ) ( )
Xx¢ r21XW+r22yW—|-r23ZW—|-T
C_Oc:_f:v—c:_y w w = <22)
z r3 XV +r3y¥ +r3zzv + T,
Combining (21) and (22), we obtain:
fele—oc)(rux™ +ripy" +rizz" + T)
=fy(r —0p)(raaX” +ry Y™ + 132" + T)). (23)

This relation has nine unknowns (f,f,;r11,r12,r13, 21,
32,123, Ty, T)). Here R and T are the extrinsic parameters,
which denote the coordinate transformations from the 3D
world coordinates to the 3D camera coordinates. Equiva-
lently, the extrinsic parameters define the position of
the camera center and the camera heading in world coor-
dinates, which may be determined by the homogeneous
transformation as discussed previously. The intrinsic par-
ameters are determined by a camera calibration tool, as
presented in Ref. 40.

An example of intrinsic parameter determination

The intrinsic parameters determine the characteristics of
a camera sensor, and they will remain constant for a cam-
era. A chess board (Fig. 16(a)) and the Matlab camera

= |

R

Fig. 16.

(@)
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calibration toolbox are utilized to determine the parameters
of a Logitech web camera (Fig. 19). The results show that
the Logitech camera has the focal length: f = [562.17889
522.49795] + [1.38737 1.29051]; and the principal point:
cc =[332.45990 236.88157]+ [2.13199 1.73026].

5. Challenges in Visual Servoing

An overview of the process of visual servoing is shown in
Fig. 17. In general, the visual servo system acquires and
estimates features from the image plane and matches them
to the Cartesian space in the camera coordinate frame by
utilizing the image Jacobian. Then robot Jacobian is utilized
to relate the differential changes between the robot joints
and the camera. Finally, the relationship between the joint
velocities and the velocities of the feature is generated.

There are several challenges in developing visual ser-
voing for a robot manipulation system. Next, three main
challenges are indicated in developing a visual servo con-
troller for mobile manipulation.

Visual measurements

The manipulation operation heavily relies on the results of
identification and tracking because the approach of visual
servoing utilizes camera information in the feedback loop of
the robot control system. The failure to correctly identify

(a) Images for calibration; (b) Camera reference and extrinsic parameters.
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Fig. 16. (Continued)

Jacobian

Image jacobian
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Joint space

in camera
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L

coordinate

Fig. 17. The process of visual servoing.

and track during manipulation will result in failure of the
entire system.

Color is a very useful feature in object detection. Color
tracking algorithms are widely used for object identification
and tracking in visual servoing because of its simplicity and
efficiency. In Ref. 41, a color-based object identification
system is developed for object pose estimation in mobile
robot application. The system shows promising results
when the color of the object is unique in the workspace and
the background of the camera scene is relatively clean.
However, when the number of objects becomes large and
the camera scene becomes compley, it is difficult to decide
the threshold of the color tracking system, which leads to
poor identification results.

Template-based method utilizes unique shapes of
objects for identification and tracking. Corners,*? edges,**
and some predefined patterns®* on objects are the candi-
dates for template-based object identification and tracking.
Because these features may not be natural and may not be

applicable to a general application, it can limit the im-
plementation of template-based method.

Feature-based methods learn the characteristics of
object appearance from a set of training images by cap-
turing the variability in the object class. It is more accurate
and reliable than the previously discussed approaches. In
particular, Lowe proposed an algorithm for object recog-
nition and tracking, called the Scale Invariant Feature
Transform (SIFT),*>*® which uses a class of local image
features. In his algorithm, the detected features are invar-
iant to changes in illumination, noise, rotation and scaling;
and it has been proven that this approach has high
robustness and reliability. However, this method consumes
considerable computing time, which leads to slow response
of the control system. This drawback could result in
instability of the overall system.

Visibility constraint
Research of visual servoing has been challenged by an im-
portant requirement: how to keep the visual features within
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Fig. 18. (a) Robot search and rescue scenario; (b) Homecare robotics scenario.
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the field of view of the camera. To date, both IBVS and PBVS
have used measurements of visual features to compute the
controller outputs. Due to motion of the robot or some
unknown disturbance, if these visual features move outside
the field of view of the camera, the controller will com-
pletely fail. This problem becomes even more severe when
visual servoing is applied to mobile robotic tasks, because
mobile robots move through long distances than fixed base
robotic manipulators.

It is common for visual features to move out of the field
of view due to camera/robot calibration errors or controller
design in a visual-servo system. Since the visibility of the
visual features directly affects the robustness of the system,
a significant effort has gone into solving this problem. A
popular solution is to employ the potential field approach to
push visual features toward the center of the field of view
when the features approach the edge of the image. A
representative work in this area has been completed in
Ref. 47, where a potential function has been incorporated
into an IBVS controller to repel visual feature points from
the boundary of the image plane. Chesi and Hung*®
employed a similar approach to solve the visibility con-
straint problem in their global path planner for optimal
visual servoing. The approach of navigation function, which
guarantees a unique minimum, has been introduced into
image-space path planners of visual servoing to generate a
desired image trajectory while keeping the visual features
in the field of view.**°°

Another popular method of keeping visual features in
the field of view is to employ a path-planning technique to
plan a camera trajectory or a “virtual path” on the image
plane while meeting the visibility constraint.’'~>3 It is
common as well to employ a pan/tilt camera to enlarge the
field of view so that the visual features will remain within it
Refs. 54 and 55. Further approaches are available in the
literature to solve the visibility problem. For example,
Remazeilles and Chaumette®® have employed several
specific visual features to ensure that the robot navigates
within the visibility path. Cowan and Chang®’ have devel-
oped a diffeomorphism-based IBVS controller to keep the
features within the field of view and avoid self-occlusion.

There exists a common shortcoming in the approaches
mentioned above, which are based on the techniques of
potential-field, navigation-function, or planning: they rep-
resent static solutions designed in advance by a human.
These approaches cannot improve their performance online
and also cannot autonomously adapt to changing control
tasks.

Controller design

Most visual-servo projects primarily concern object mod-
eling and the quality of the vision feature feedback while
paying less attention to controller design. Notably, a simple
P (Proportional) control law or a PID (Proportional,

Integral, Derivative) control law is commonly used in the
literature. However, a PID controller may not be adequate to
handle the issues of robustness and stability in real-life
mobile robot applications. Spong et al.'® discussed pro-
portional control with Lyapunov stability, which is the
controller that is most commonly used by researchers.
Although this control law'#'? can guarantee system stab-
ility, its controller output is not optimal and it is unable to
consider various constraints (robot location constraints,
visibility constraints, velocity constraints, and so on) which
are common in a mobile visual-servo system.

In order to obtain optimal controller outputs, Ginhoux
et al.°® proposed to use GPC (generalized predictive con-
troller) in visual servoing of a robotized surgical task. In
particular, a 6 DOF (Degree of Freedom) robotic arm was
developed to track the motion of a pig’s heart based on the
visual feedback. Since they employed the basic GPC scheme,
no constraints were considered. In addition, they used the
same idea in teleoperated laparoscopic surgery®® and 3D
profile.?® Since the constraint issue is quite important in
visual-servo tasks, Sauvee et al.®! implemented a nonlinear
model predictive controller for visual servoing of a robotic
arm using vision feedback from ultrasound images. In their
project, they considered various constraints and linearized

Web Camera

Laser

Sonar

Stereo Camera

Fig. 19. Physical configuration of the test bed.
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the nonlinear model into a constant linear model at the
equilibrium point.

Applying MPC (model predictive control) to visual ser-
voing is still in its preliminary stages, and the reported work
is limited, as presented above. Although some encouraging
results have been obtained, they shared a common short-
coming: in applying the existing (basic) MPC technique to
visual-servo tasks, a constant linear model is assumed for
the nonlinear plant. As a result, the implemented system
can only work in a small neighborhood of the equilibrium
point about which the model is linearized. If the current
operating point of the system is farther from the equili-
brium point (which is common in a mobile manipulation
task), the controller performance will deteriorate quickly
due to the mismatch between the model and the plant.

6. An Example of Visual Servo System

Two research applications of mobile manipulation are car-
ried out in the Industrial Automation Laboratory (IAL) of the

Fig. 20.
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University of British Columbia: (1) Robotic search and rescue
project; (2) Homecare robotics project. Figure 18 gives
graphic representations of these two scenarios. Figure 18(a)
demonstrates a future city where there are general-purpose
robots that perform surveillance. If a natural disaster or
some emergency situation occurs in the city, these robots will
arrive at the scene for search and rescue work. Figure 18(b)
presents a home environment where a mobile robot is im-
plemented as a care-giver robot. It is capable of monitoring
the inhabitants of the home while simultaneously doing some
housework in an autonomous manner. If an abnormal beha-
vior of an inhabitant is detected, the robot will reach the
person to check the situation, provide assistance, and if
necessary, may report it to a monitoring center.

A mobile manipulation system is being developed at IAL
in order to carry out research and development activities
related to these two applications. Figure 19 shows the
physical configuration of the mobile manipulation system. It
contains a Powerbot which is the mobile base, a RubuArm
(the manipulator), and different types of sensors (web
camera, laser, sonar, stereo camera, etc.).

=TT

Snapshots of the video clip of mobile manipulation experiment.
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The Powerbot is a high-payload differential-drive robot
developed by Adept Mobile Robots Company. It is able to
move at a speed of up to 1.6 m/s with a payload of up to
100 kg. Hence it is an acceptable platform for research tasks
involving delivery, navigation, and manipulation. The Pow-
erbot is equipped with a gyro sensor and two groups of
sonars. The readings from the gyro and the encoders are
able to provide the position and orientation of the mobile
robot. There are 32 sonar cones embedded in the mobile
base and they can measure the distance between the robot
and the neighborhood obstacles.

RobuArm is a six-DOF robotic manipulator which is
developed by Robosoft Company in France. It has six
revolute joints with a payload of 10 kg, and is rather pow-
erful. The main advantage of this arm is the controllability
of the acceleration, velocity, and position.

There are other sensors in the developed robotic system;
for example, a Logitech QuickCam® Communicate STX™
CCD webcam is used as the monocular eye-in-hand camera;
a BumbleBee 2 Stereo camera is configured as both eye-in-
hand for the mobile based and eye-to-hand for the robotics
manipulator; and a Hokuyo URG-04LX laser distance sensor
which has an angular scanning range of 240° with distance
measurement capability from 20 mm to 4 m.

A physical experiment that has been carried out using
our test bed is shown in Fig. 20. The purpose of the ex-
periment was to find an object of interest in the workspace.
In this experiment, the robot approaches the object using
machine learning capabilities and visual servoing.®” Then,
the robot grasps the object using the manipulator guided by
its visual servo controller.°® The performance of the overall
system was found to be quite satisfactory in a series of
experiments that were conducted.

7. Conclusion

In this paper, the state of the art of vision-guided robotic
applications was introduced and the available mobile ma-
nipulation systems were discussed. Categorization of the
traditional visual servo approaches was reviewed, and their
advantages and drawbacks in applying in a mobile manipu-
lation system were discussed. The general concept of mod-
eling a visual servo system was demonstrated with examples.
Some challenges in developing visual servo systems for
practical applications were indicated. Finally, a practical ap-
plication of mobile manipulation system which has been
developed for applications of search-and-rescue and home-
care robotics, in the Industrial Automation Laboratory in
University of the British Columbia was introduced.
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