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Abstract

Vision-Based Measurements for Dynamic Systems

and Control

by

Lili Ma, Doctor of Philosophy
Utah State University, 2004

Major Professor: Dr. Kevin L. Moore
Department: Electrical and Computer Engineering

This dissertation presents several aspects of the use of vision for dynamic systems and
control. Vision-based feedback systems have been a central problem in computer vision
and control for over two decades. However, it is only in recent years that the variations of
images over time have begun to be used for control. Motivated from a visual servoing task
of an omnidirectional vehicle, the problem of iterative visual servoing with an uncalibrated
camera is studied. Then, lens distortion modeling and correction is addressed, where a
series of experimental results are given that can serve as a general guidance for evaluation
of the lens distortion correction alone. Next, recent work on perspective dynamic systems
(PDS), which provides a general framework to discuss vision problems, such as motion
and depth estimation, using concepts and methods from controls is considered, Focused
on the estimation problem of a PDS, a linear approximation-based nonlinear observer is
proposed. The final section of work introduces the idea of iterative learning control of a

PDS system and presents preliminary results on this problem.

(219 pages)
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Notations

Throughout this dissertation, all entities in this dissertation are assumed to be either
vectors or matrices, unless otherwise mentioned. The following conventions will be used
for typesetting mathematics unless otherwise indicated.

1) Scalar: Can be in both lower and upper cases, such as «, ki, Ci, G, M.
2) Matrix: In upper case and non-bold form, such as 4, C, H, A.

3) Vector: In lower case and non-bold form, such as z,y, in cases of no confusion.
Vectors can also be typed in lower case bold form for emphasis, such as b,f,d. The
reason for this emphasis is these variables will be used throughout this dissertation
having the same meanings. Vectors can also be represented as P, X.

4) Function: In both lower and upper cases, such as w(-), A(-), F(-).

Notation wise, most variables have only local meanings. Those that have the same
representation throughout this dissertation are listed below.

Variable Description
(xv, yw zvt 3-D coordinate of a point in world reference frame
[Xe,ve, z9T 3-D coordinate of a point in camera frame
(ug, va) Distorted image point in pixels
(u, v) Distortion-free image point in pixels
(o, 7, B, up, vo) Five intrinsic parameters of a camera, see (3.6)
a Y U
Ay =10 08 v Intrinsic matrix of a camera
0 0 1
((Ed, yd) ["Edv Yd, 1]T = Ai—l—q%r[um Vg, l]T
(ac, y) [(L', Y, 1]T = Ai;%r[u’ v, 1]T
Td 7"3 = :B(% + y?i
r r? =g 4+ y°
f Focal length of a camera lens
A Scalar or eigenvalues
Q Skew-symmetric matrix
t Translational vector
k Distortion coefficients, see (3.10)
d Essential parameters, see (4.65)
f Vector in representation of Riccati motion, see (4.43)
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BFCS
CEF
CSOIS
Ccv
DOF
EKF
FOG
FOV
GAIC
GMDL
GRO
HIMM
HOSA
1IBO
IIC
IL.C
1CS
LAO
LQG
LS
LTV
NN
0C8s
ODIS
chv

Acronyms

body-fixed coordinate system

composite energy function (related to ILC)

Center for Self-Organizing and Intelligent Systems
certainty value (related to HIMM)

degree of freedom

extended Kalman filter

fiber optic gyro

field of view of a camera

geometric Akaike information criterion

geometric minimum description length criterion
growth rate operator (related to HIMM)

histogram in-motion mapping

higher-order spectral analysis (related to Matlab toolbox)
identifier-based observer (related to PDS)

identical initial condition (related to ILC)

iterative learning control

inertial coordinate system

linear approximation-based observer (related to PDS)
linear quadratic Gaussian

least squares

linear time-varying

neural network

obstacle cluster strength (related to HIMM)
omni-directional inspection system, a robot at the CSOIS center

omni-directional vehicle
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xvi

PDS  perspective dynamic systems
RIO  range identification observer (related to PDS)
SVD  singular value decomposition

TLS  total least squares
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Chapter 1

Introduction

1.1 Research Problems

Visual cameras are useful sensors for systems and control since they mimic the human
sense of vision and allow for non-contact measurement of the environment. Visual feedback
loops have been adopted in control systems, such as robots operating in factories and robot
navigation. As shown in fig. 1.1, when a camera is used as a sensor to observe a target,
the image captured by the camera goes through an image processing module and outputs
certain information. This information is used by a controller to design the control input to
the system. Motion of the system results in changes in the image and this whole process

continues until the control goals are achieved.

Image | [mage Info Input Motion

Processing @ Control ®) System

Target to
Observe

» Camera

Fig. 1.1: Block diagram of vision, dynamic systems, and control.

In this dissertation, we propose to study several aspects of the use of vision for systems
and control. Specifically, we consider a series of problems whose evolution is shown in the

following list and depicted in fig. 1.1:

1) Research Problem 1 - Iterative Visual Servoing: This problem is concerned with

orienting a robot to a desired pose using visual feedback. An example of this problem
is to align the ODIS (short for Omni-Directional Inspection System) robot at the

Center for Self-Organizing and Intelligent Systems (CSOIS)! with the direction of

1CSOIS is a multidisciplinary research group at Utah State University (USU) that focuses on the
design, development, and implementation of intelligent, autonomous mechatronic systems {1].
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2

a parking lot yellow line using an uncalibrated camera. In the ODIS yellow line
alignment task, the “target to observe” is the parking lot yellow line. The camera
is installed on ODIS and the information extracted out of an observed image is the
orientation of the yellow line. This orientation is fed into the controller to calculate
the movements sent down to ODIS. Because we use an uncalibrated camera, an

iterative control scheme is implemented in a start-stop manner [2, 3|.

2) Research Problem 2 - Camera Calibration: In the ODIS yellow line alignment task

described above, the iterative scheme is used to work with an uncalibrated camera,
while a calibrated camera will simplify the task so that it can be performed in a
non-iterative way. Camera calibration is to estimate a set of parameters, i.e. the
camera’s intrinsic parameters and distortion coefficients, that describe the camera’s
imaging process. With this set of parameters, a perspective projection matrix can
directly link a point in the 3-D world reference frame to its projection (undistorted)
on the image plane. Since virtually all imaging devices introduce a certain amount of
nonlinear distortion, the observed distorted image needs to be compensated to output
the corrected image. For the camera calibration problem, the “target to observe” in
fig. 1.1 is the calibration target. Usually, the camera needs to observe the target at

several different orientations/positions to estimate the camera parameters uniquely.

3) Research Problem 3 - Perspective Dynamic System (PDS): PDS theory provides a
theoretical framework to study vision problems, especially 3-D motion estimation.
Generally speaking, a perspective dynamic system consists of a moving target with
certain motion dynamics (rigid, affine, Riccati), which is sensed using the homoge-
neous observations made via cameras. With a stationary camera observing a moving

object, following an affine motion described by:

X(t) an ap a3 [X(t) by
Y(t) = lagy ags ansg Y{)| + | b, (1.1)
Z(t) ag1 azx azzl LZ(t) bs
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a typical PDS consists of the above linear dynamic system with the following homo-

geneous output observations:
n(t) = X(E)/Z2(1), ) =Y(t)/Z(). (1.2)

Typical problems in the PDS theory include: 1) 3-D motion estimation: estimation
of the motion parameters a; j(t) and by(t) for 4,7 = 1,2,3 and 2) range identification:
estimation of depth information, such as via nonlinear observers, when the motion

parameters are known. Define:

y(t) = [ (t), v2(8), 3 (O] = [X(8)/2(2), Y (t)/Z(), 1/Z()]"

The range identification problem is to estimate Z(t), or its inverse y3(t), assuming
y1(t) and y5(t) are available and the motion parameters a;;(t) and b;(t) for 4,5 =
1,2,3 are known. For the 3-D motion estimation and range identification, usually

calibrated cameras are used to observe certain features on the moving target.

4) Research Problem 4 - Perspective Iterative Learning Control: The objective is to

develop techniques to control the transient response and tracking performance of
control systems whose performance is observed by cameras and whose operation
is repetitive. Iterative Learning Control (ILC) can improve the transient response
performance of systerus that operate repetitively over a fixed time interval {4]. The
control problem to be discussed is an ILC problem with perspective observations,

referred to as perspective ILC hereafter.

1.2 Current State of the Art

The current state of the art of the research problems listed in section 1.1 is described

next.

1.2.1 Iterative Visual Servoing
Existing eye-in-hand visual servoing approaches include [5, 6, 7]: position-based (3-

D) visual servoing, image-based (2-D) visual servoing, and 2-1/2-D visual servoing. In
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a position-based visual control system, the input of the control law is computed in the
3-D space. The pose of the target with respect to the camera is estimated from the
observed features on the image based on a calibrated camera and the knowledge of a perfect
geometric madel of the object. On the other hand, in an image-based control system, the
input is computed in the 2-D image plane. This usually involves the calculation of an
image Jacobian which relates the rate of change of the image feature coordinates to the
rate of change of the 3-D pose parameters. Both the position-based and image-based visual
servoing approaches experience certain drawbacks. The main drawback of the 3-D visual
servoing is that there is no control in the image. This implies that the target may leave
the Field Of View (FOV) of the camera, especially if the robot or the camera is coarsely
calibrated. Furthermore, a model of the target is needed to compute the pose of the
camera. 2-D visual servoing does not explicitly need this model. However, the convergence

is only ensured in a neighborhood of the desired position.

1.2.2 Camera Calibration

For camera calibration, lens distortion is very important for accurate 3-D measurement
{8]. Among the nonlinear distortions (also called geometric distortions), radial distortion,
which occurs along the radial divection from the center of distortion, is the most severe
part {9, 10}. The removal or alleviation of the radial distortion is commonly performed by
first applying a parametric radial distortion model, estimating the distortion coefficients,
and then correcting the distortion via an inverse operation. Most of the existing works on
the radial distortion models can be traced back to an early study in photogrammetry {11]

where the radial distortion is governed by the following polynomial equation [11, 12, 13, 14]:
ra=1+08 =11+ k4 kort* + kyr® + ), (1.3)

where ky, ko, ks, . .. are the distortion coefficients. r and rg denote the ideal and the dis-
torted version of radius, either in the camera frame or the image plane. Currently, the

distortion model in (1.3) is still the most commonly used radial distortion model, typically
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used with only two coefficients. However, when using two coefficients, the inverse of the
polynomial function is difficult to perform analytically.

Besides the lens distortion compensation methods commonly used in the time domain,
frequency domain methods have been proposed in [15| to use higher-order correlation
detection to remove the lens distortion blindly. However, the accuracy of the blindly
estimated lens distortion is by no means comparable to those based on a calibration target.
Due to this reason, the blindly lens distortion removal approach can be useful in areas where

only qualitative results are required.

1.2.3 PDS Theory

Since the 1970’s, a variety of motion estimation algorithms have been developed,
gaining attention from researchers and scientists in the areas of computer vision, image
processing, robotics, and control. However, the goal is still far from being reached. Indeed,
it opens a new and exciting avenue of research in nonlinear system theory. Appropriate
tools from nonlinear estimation/identification theory are beginning to be exploited and
only recently have such tools hinted at acceptable solutions {16].

A direct approach to the 3-D motion estimation problem is to formulate it as a non-
linear optimization problem, where classical optimization algorithms, such as the Gauss-
Newton and the Levenberg-Marquardt optimization methods, can be used to search for the
optimal solution. Though very accurate, this classical nonlinear method is computationally
expensive, which prevents it from being applied to real-time applications. Thus, algorithms
that are based on linearization have become prevalent. Generally, they are formulated as a
minimization problem that can be solved either by Singular Value Decomposition {(SVD) or
recursively [16, 17, 18, 19]. Recently, exciting results have been published on what is called
Perspective Dynamic System (PDS) theory, where the system’s observability /identifiability
property is discussed in a more theoretical way and most of the known results in the com-
puter vision literature are revealed [20, 21]. Besides the rigid motion, nonrigid motions

such as the affine and Riccati motions can be discussed in this general framework [22].
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For 3-D motion estimation, theoretical analysis has been derived for the identification,
to the extent possible, of rigid, affine, and Riccati motions. It can be concluded that with
a single camera observing a single feature point, not all the motion parameters can be
identified uniquely.

For the range identification problem, nonlinear observers have been constructed for

the estimation of the depth [23, 24, 25].

1.2.4 Perspective ILC

Iterative learning control, or ILC, is a technique for improving the transient response
and tracking performance of processes, machines, equipment, or systems that execute the
same trajectory, motion, or operation over and over. The approach is motivated by the
observation that if the system controller is fixed and if the system’s operating conditions
are the same each time it executes, then any errors in the output response will be repeated
during each operation. These errors can be recorded during system operation and can then
be used to compute modifications to the input signal that will be applied to the system
during the next operation. That is, in ILC, refinements are made to the input signal after
each trial until the desired performance level is reached. It is usually assumed implicitly
that the initial conditions of the system are reset at the beginning of each trial to the
same value. In describing the technique of ILC, the word iterative is used because of the
recursive nature of the system, and the word learning is used because of the refinement of
the input signal based on past performance in executing a task [26]. Most of the current
ILC algorithms use the encoder readings of the plant as the feedback information. In the
perspective ILC, vision measurement serves as the actual feedback. To date, there are few
contribution in the ILC literature where vision feedback is used. Further, there have been

no contribution that exploits the PDS theory in an ILC problem.

1.3 Contributions of This Dissertation
In this dissertation, we present contributions to each of the four areas discussed above.

The original contributions are summarized below.
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1) Iterative Visual Servoing: While most visual servoing approaches require a calibrated

camera, visual servoing with an uncalibrated camera is pursued in the ODIS yellow
line alignment problem. The basic idea for ODIS localization is simply the visual
servoing to the yellow line painted on the ground of the parking lot, where the yellow
line can be regarded as a landmark for localization. It is assumed that from a map
the position and orientation of each yellow line are known. The major objective is to
reset the Fiber Optic Gyro (FOG) so that the FOG drift can be kept small. Since a
real-time requirement is not critical here, the task can be achieved with an iterative
scheme using an uncalibrated camera. This work has been published in the IEEE

International Conference on Robotics and Automation and IFAC World Congress

2, 3].

2) Camera Calibration: Inspired by the polynomial distortion approximation function

(1.3), we have proposed a set of rational functions for both the radial and geometric
distortion models. Further, we proposed a simplified geometric distortion modeling
idea that allows different distortion coefficients along the two image axes. A fre-
quency domain lens distortion removal technique was also proposed for the detection
of cameras that can be better modelled by the simplified geometric distortion model-
ing. In all the distortion models, we emphasize the property of having an analytical
inverse formula, which is a desirable feature for applications requiring real-time im-
plementation. This work has been published in international conferences and journal

27, 28, 29].

3) PDS Theory: For the range identification problem, we have performed preliminary
comparisons for the applied nonlinear observers. Research efforts have been con-
ducted to apply a recently proposed linear approximation idea for the perspective
nonlinear observer design and discuss the situation with single homogeneous observa-
tion. This work has been published in the IEEE International Conference on Robotics

and Automation [30, 31].
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4) Perspective ILC: Our preliminary study shows that, under the condition of Identical

Initial Condition (IIC), the homogeneous output might be enough to force the states
of the system to track a desired trajectory. However, when the IIC condition is
not satisfied, state tracking can not be achieved simply by using the homogeneous
outputs. It is at this point that the PDS theory can be helpful for the estimation of

the states.

Aside: Note that during this dissertation research, some efforts were applied to non-
vision-based sensing and perception for dynamic systems and control. For completeness,

these results are detailed in Appendix A.

1.4 Experimental Platforms Introduction

In this dissertation, the following experimental platforms have been, or are proposed
to be, used as the test bed for the sensing and perception algorithms. Figure 1.2 shows the
ODIS system, which was used for experiments associated with algorithms in chapters 2
and 3. Figure 1.3 shows the gimbal system described completely in chapter 5. Figure 1.4
shows the T2/T2E system used for the non-vision-based sensing and perception algorithms

described in Appendix A.

1.5 Reading the Dissertation

The linkage of the four research problems discussed in this dissertation is presented
by the following application: consider an application scenario where a target is to track a
3-D trajectory repetitively and a camera is used for monitoring. Using the “iterative visual
servoing” scheme, the target can be controlled to first go to the desired initial position.
With a calibrated camera, from the results of “Perspective ILC,” the 3-D tracking can be
achieved from 2-D observations from the camera. However, if the target tries to track the
3-D trajectory from its current position directly (which is different from the desired initial
position), 3-D estimates of the moving target need to be available. In this case, results
of “range identification of a PDS” can be helpful. In the above described application, the

motion dynamics of the moving target is assumed known.
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ODIS, as shown in the left, is an autonomous robot ca-
pable of surveying a parking lot and investigating the
undercarriage of a suspicious vehicle. ODIS, short for
Omni-Directional Inspection System, is 3-3/4-inches
tall and incorporates IR, sonar, and laser range sen-
sors, three-wheel independent drive and steering, and
a color camera with transmitter. A fiber-optic gyro
(FOG) is used in conjunction with wheel odometry for
navigation. The ODIS vehicle has also been designed
to incorporate a GPS receiver (1.

For object detection and avoidance, ODIS is equipped

e oo with three types of ranging sensors. Sonar provides

ODIS with long-range, wide-angle data. Infrared sen-
sors act as a “safety bumper” to alert ODIS that an
object is too close. A laser ranging module provides
very precise medium range data for accurate place-
ment of an object in the operating environment. A
color camera on a pan/tilt mechanism provides feed-
back to the user through a virtual reality system [11.

Sorer, IR, azd Laser Sensoss

Fig. 1.2: The physical and mechanical layout of the ODIS robot.

Gimbal

The gimbal system is a 2 Degree-of-Freedom (DOF)
system. For vision-based tasks, a laser pointer is
hooked on the gimbal. The projection of the laser ray
on a 2-D object plane is observed by a stationary cal-
ibrated camera. Information on the observed image
plane is a homogeneous representation of the motion
on the object plane. This platform will be used in the
perspective ILC in chapter 5.

Fig. 1.3: The physical gimbal as the platform for perspective ILC.
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T2E

The T2 vehicle, shown in the left, follows a distributed
processor architecture used by the early T-Series vehi-
cles built at CSOIS. The T2 master node consists of
a Pentium-class, single-board computer, and it com-
municates with the base station computer via a RF
LAN, issuing set points to the wheel control nodes.
The base station computer hosts the Vehicle GUI and
Path Planner. The navigation node is also a Pentium-
class single board computer and communicates to the
master node through the LAN. The navigation node
handles all communications with GPS and FOG, pro-
cessing this sensor data and sending it to the master
node for use in odometry and control {1].

The T2E robot is the T2 robot with enhanced sen-
sor suit. The sensors that are equipped with the T2E
include a sonar ring, a 2-D laser, and a license plate
recognition system.

Fig. 1.4: The T2 and T2E vehicles.
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Chapter 2

Iterative Visual Servoing

This chapter is concerned with the sensing and perception algorithm for robot local-
ization. The sensor being used is a camera-type vision system. This chapter also works as
the motivation for the study of lens distortion correction to be addressed in chapter 3. The
robotic platform on which the sensing and perception algorithm has been implemented is
the ODIS robot described in section 1.4.

The ODIS robot, which has been described in section A.1, is designed to perform under
car inspection by sending wirelessly captured video frames to the GUI of the base station.
The working period can be hours long for many parking lots. Therefore, it is important
for ODIS to be able to localize and estimate its pose with respect to an internal world
model (map). Although some techniques can be used to improve the FOG accuracy [32],
the accumulative errors due to FOG and ODIS odometry can be progressively dominant
and may significantly deflect the mobile robot pose (position and orientation in world
coordinate system). Therefore, from time to time, localization is essential for a reliable task
execution of ODIS. Mobile robot localization is an on-going research topic with no unique
solution [33, 34] since the localization depends on the structure of the environment and
the sensing capacities of the specific mobile robot. In general, localization is environment
and robot specific.

In our case, the environment is the car parking area. We can use the laser or sonar
to do localization based on landmarks such as lamp posts, curbs etc. However, the most
commonly seen landmarks in the parking area are the yellow lines painted on the ground.
In this chapter, we use visual servoing to a yellow line in a parking lot to perform the
localization task. As explained above, the challenge here is that the camera is designed
for the under car inspection video transmission and within ODIS there is no video capture

card. Thus, our approach is to capture the video frames. sent wirelessly from the ODIS
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camera transmitter, on the base station computer (ODIS laptop computer) and perform
the visual servoing to yellow line to achieve ODIS localization by wirelessly sending the
scripts to ODIS from the base station computer. Therefore, the research efforts reported
in this chapter can be regarded as a value-added block for ODIS functionality. Based on the
current architecture of ODIS and the dedicated scripting language [35], an iterative visual
servoing scheme is developed to align the yellow line painted on the ground of the parking
lot. The iterative scheme tolerates the uncertain time delay due to the wireless connec-
tions without introducing stability problem due to time-varying delay in real-time visual
servoing. Experimental results are presented to show that for our specific application,
the wireless visual servoing technique presented in this chapter is an effective approach to
robot localization.

In this chapter, a “dynamic image-based look-and-move” approach is used. It is
“image-based” since errors are computed in the image plane. It is “dynamic look-and-
move” since the errors determine corrective velocities for the robot. In contrast to most
image-based approaches, the method here does not require the use of an image Jacobian
matrix. Further, although the image errors are nonlinearly related to the vehicle position
errors, with significant coupling between degrees of freedom, convergence to the desired
position and orientation occurs for virtually any initial condition of interest.

The chapter is organized as follows. Section 2.1 presents the basic idea and implemen-
tation architecture for ODIS wireless visual servoing in some detail, including the feature
extraction of yellow lines in the image plane. Section 2.2 describes the iterative visual
servoing controller scheme. Due to the limitations of the current software architecture,
in section 2.3, a discrete look-and-move controller is currently implemented on the ODIS
platform. Experimental results are presented in section 2.4. Some concluding remarks

together with some of our planned further efforts are given in section 2.5.
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2.1 ODIS Localization via Wireless Visual Servoing

This section describes the basic idea and implementation architecture for ODIS wire-
less visual servoing, together with some implementation details, including the low-level

yellow line extraction and fitting.

2.1.1 Basic Idea

The basic idea for ODIS localization is simply the visual servoing to yellow lines
painted on the ground of the parking lot, as illustrated in fig. 2.1. We can regard the
yellow line of the parking lot as a landmark for localization. It is assumed that from the
map the position and orientation of each yellow line are known. The command for ODIS
to perform yellow-line alignment is from the high-level block, e.g., from either planner
or just a GUI click. The major objective is to reset the FOG after inspection of several
parking lots so that the drifting can be kept small. Obviously, this can be done via a
dedicated utility script sent wirelessly from the base station to ODIS. Moreover, unlike the

image-based path tracking [36, 37, 38], the real-time requirement is not critical here.

:
L
i

&

Fig. 2.1: Basic idea of ODIS visual servoing to yellow lines.

2.1.2 Hardware Architecture

Figure 2.2 shows the hardware architecture for the wireless visual servoing for ODIS
localization. The ODIS laptop is a Pentium-3 notebook computer with Windows 2000
installed and s build-in image capture card. The GANZ CM3000 camera unit is a com-

pact module including a small color camera and a video transmitter installed on ODIS.
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The video signal is sent over a 900 MHz transmitter (CVR-1000) to a receiver (CVT-M)
located at the base station. Both the transmitter and the receiver are made by Coherent
Communications and operate in several bands within the 902 - 928 MHz range, which
allows us to operate without interfering with the other onboard modems. By connecting
the receiver to the video capture card inside the ODIS laptop, live images can be grabbed
continuously via Microsoft Vision SDK (software development kit). Likewise, through the
wireless LAN, scripts or commands can be sent to ODIS. Meanwhile, ODIS status and
position/orientation can be queried from the base station computer. Therefore, a closed

loop is formed via wireless connections.

UUIS Laptop

ODIS Camera

eréleSS RX Wireless Modem

image
Capture Card >

ODIS Camera
Wireless TX

Fig. 2.2: Hardware architecture of the ODIS wireless visual servoing system.

The signal flow in the above closed-loop system is shown in fig. 2.3. ODIS continuously
sends live image frames to ODIS laptop (Host). For each image frame, if there is yellow
line, the yellow line detection function calculates its angle and the starting point in the
image frame which serves as the output measurement of the visual servoing system. The
control strategy block compares the measured output with the desired one and constructs
the corresponding translation and/or rotation commands which are to be sent wirelessly

down to ODIS. ODIS low-level control subsystems execute these commands (actuation).
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Live images Host Yellow Line Yellow Line's Angle §  Controf Transiationand .| ODIS
Detection Function | 3 Staing Point™} - Strategy JRotation Commands™| v/ehicle

Fig. 2.3: Signal flow of the wireless visual servoing system.

2.1.3 Software Architecture

The Host (ODIS laptop) is based on the WINDOWS 2000 platform. We use Mi-
crosoft Vision S8DK to acquire the live images. Microsoft Vision SDK (short for Software
Development Kit) includes an MFC Application Wizard which is easily used to create
MFC programs with selected functionalities of the Vision SDK. The resulting programs
will attach a sequence to an image source and support a second thread capturing images
in the background. One major feature of Microsoft Vision SDK is that it provides a basic
image object that supports a diversity of pixel formats such as, for color images, RGBA
pixel types (red, green, blue, and alpha).

Using socket programming, the visual servoing module can be independently capable
of talking to ODIS bidirectionally. This independent module can be easily integrated into
the base station GUI or planner as an additional function or utility script. Basically, the
visual servoing module is triggered by the base station GUI or planner and returns an
event completion flag and some possible exceptional flags. Central in the module are the
yellow line detection function and the visual servo algorithm which will be described in

some detail below.

2.1.4 Yellow Line Detection Function

The five steps in the yellow line detection function are 1) yellow color separation, 2)
connected component labelling, 3) maximal region determination - line region mask, 4)
points for line determination, and 5) line fitting. In step 1), we use RGB components
to create a difference image by the formula Red + Green - 2 Blue. For each row in the
difference image, a threshold value is calculated using an average of the minimum and

maximum difference values in the row. Finally each row is thresholded and the result
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is stored in what we call an enhanced mask. In step 2), connected component labelling
is applied to find all equivalence classes of connected pixels in a binary image using the
8-connectivity principle [39]. Taking the enhanced mask as input, the output via the
connected component labelling is another image called the region map, in which every
pixel in one connected region is labelled “1” and every pixel in another connected region is
labelled “2.” In step 3), with a region map obtained in step 2), we choose the region with
the maximal number of pixels to be what we call the line region mask. Step 4) determines
the points to form a line for line fitting in step 5). This is done by scanning the line region
mask from both left and right until reaching the middle. The middle points are used
to estimate the yellow line parameters such as the angle and the starting point position.
Finally, in step 5), with the data set obtained in step 4), an isotropic line fitting algorithm
is used to determine the yellow line parameters: orientation angle and the starting point
position. Figure 2.4 shows the images at each step of the yellow line detection function

described above.

Fig. 2.4: Image processing for ODIS visual servoing.

2.2 Control Scheme and Stability Analysis
As part of the CSOIS effort on ODIS, an iterative visual servoing scheme is proposed

for the robot localization. In this section, a portion of this research is described. This
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material is adapted and in some cases excerpted from {2]. The original idea is credited to
the first author of [2]. However, the implementation of these ideas was a contribution of

this dissertation. This portion of material is provided for completeness.

2.2.1 Perspective Map
A perspective projection model is assumed for the camera. The projection map is
given by:
(@4) = 25, Y), (.1)

where (z,y) are projected projections on the image plane (not in pixels).

Figure 2.5 illustrates conventions for the camera frame, image plane, and parking lot
line. Consider a point in the camera frame with coordinates (X,Y, Z). Now, add the unit
vector (sin ¢, 0, cos @) to this point. It can be assumed that —7/2 < ¢ < 7/2. The angle
that the image of this vector makes with respect to the positive y—axis in the image plane

can be easily derived.

image y Ye Camera
Plane 4 Frame
L]
f I

1
1
1
i

Parking lot parallel to the X¢-Z° plane

Fig. 2.5: Camera frame, image plane, and parking lot line.

The mapping of the two points, under the perspective projection, are given by:

xv.2) - Loy, (22)
. f .
X Y, e . .
(X +sing,Y,Z +cosp) Z+cos<p(X+Sm(p’Y) (2.3)

Taking the difference of the two image points gives a vector in the image plane

f

W(Z sinp — X cosp, —Y cosp). (2.4)
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Note that the vector always has a positive y component since ¥ < 0 (the camera is above
the parking lot). The angle of this vector with respect to the positive y—axis is then given
by:

Ztanyg — X

g = sin™}
(\/(Zta.n(p - X)?+Y?

) (2.5)

where the angle is positive if the vector has a positive z—component. Note that, based
on fig. 2.5, the image plane should be visualized with z positive in the left direction, so

positive 6 is then in the counterclockwise direction.

2.2.2 Proportional Controller
Using the image processing algorithms described earlier to extract the starting point

and the direction of a parking lot line, a simple controller (based on intuition) is given by:

X, = ki(z — z4),

i

Zy ka(y — ya), (2.6)

Py = k3(6 - ba),

where k;, i = 1,2, 3 are positive scalar controller gains, z, z4 are the horizontal coordinates
of the actual and desired point in the image plane, respectively, y,ys are the vertical
coordinates of the actual and desired point in the image plane, respectively, and 6,8, are
the actual and desired angles that the line makes with the positive y—axis in the image,
respectively. X, is the X component of the vehicle’s velocity and is positive when the
vehicle moves to the left. Z, is the Z component of the vehicle’s velocity and is positive
when the vehicle moves forward. ¢, is the angular velocity of the vehicle and is positive
when the vehicle rotates counterclockwise. On the other hand, X, Z, ¢ are rates associated
with the movement of features with respect to the camera frame.

The motivation behind this controller is clear (see fig. 2.6). If the line appears too far
to the left in the image, then the robot should move to the left. If the line appears too high
in the image, the robot should move forward. Finally, if the line is rotated counterclockwise

beyond the desired angle in the image, then the vehicle should rotate counterclockwise.
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Fig. 2.6: Variables for kinematic equations. Point A should be understood as on an
imaginary extension of the line.

Consider the case

zq=0, 63=0. (2.7)

Thus, the desired image is a line which is centered horizontally and oriented vertically.

Setting z = 0,y = y4,6 = 0 in the projection map (2.1) gives desired values:

X=0, Z=fY/ys, p=0. (2.8)

Thus, if the image line is in the desired position and orientation, the vehicle must be
oriented parallel to the line, and if the line were extended toward the vehicle, the vehicle
would be located on this extended line.

There are several reasons why it is not clear if the controller will work. First of all, the
relationship between image and actual positions is related by the perspective map, which
is nonlinear. More significantly, however, the angle of the line in the image can sometimes
direct the vehicle to rotate in the wrong direction. Recall that parallel lines in the world
will map to converging lines in the image. Each of these lines has a different angle with

respect to the positive y—axis.
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Subsequent sections will demonstrate the surprising result that the controller produces

asymptotic convergence to the correct orientation and position for virtually any initial

position and orientation of interest.

2.2.3 Vehicle Kinematic Equations

Figure 2.6 illustrates the important variables involved in the vehicle kinematic equa-
tions. The equations can be derived from the standard relative motion equation for rigid
bodies:

UB = U4 +Ww X Tp/4, (2.9)
where A and B are points on a rigid body, vp is the velocity vector of B, v4 is the velocity
vector of A, w is the angular velocity vector of the body, and rp/4 is the relative position
vector drawn from A to B. Points A and B are labelled in fig. 2.6. All calculations will
be done with respect to the camera frame. vp = (X , Z) is the velocity of the point B as
seen in the camera frame. As the vehicle moves with velocity (XU, Zv), the point A on
the line {or its imaginary extension) will appear to move with velocity —(X,, Z,). Thus,
va = —(Xy, Zy). Clearly, rg /a4 = (X, Z) . Finally, the line will appear to rotate about
the point A in the counterclockwise direction if ¢ is increasing. Thus, w has magnitude
¢ and is in the counterclockwise direction when ¢ > 0. Note that ¢ increasing means
¢y < 0. Substituting these results into the relative motion equation and adding an equation

corresponding to the previous statement gives the vehicle kinematic equations:

X = —X,+¢Z,
Z = —Z,—¢X, (2.10)
Sb = _‘pv-

2.2.4 Final Model and Stability Analysis

Combining equations (2.1 - 2.10) gives the following set of differential equations:

X = ~k1f£Z(—-—ngs‘m‘1(-),

: Y

Z = ~k2(fz~yd)+k3Xsin“1(-), (2.11)
¢ = —kgsin™!(),
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sa—17, | Ztanp—X . . . -
where sin™*(-) denotes sin™"( T Y?) for short. For easy derivation and simplic
ity, assume that f = 1 and y = —1 (since the camera is above the parking lot on which

the yellow line is painted). Equation (2.11} becomes

X = —k;l-—)Zg--—k;gZS.ln_l('),
1
= k2(§+yd)+k3Xsin‘1(-), (2.12)
Y = ~k)38111~1(-),

with sin~1(-) denoting sin™}(—=Z0e=X__) Equation (2.12) has a single equilibrium at

V (Ztanp—~X)2+1

1
0,——,0)T.
( " )

Let w = [X, Z,¢]T. The system in equation (2.12) is of the form w = F(w) with the

equilibrium point wy = [0, —alz,O]T. We ill use Lyapunov’s indirect method to test the
stability of the equilibrium.
First, we can easily compute
dsin1()
g = (-1,0,2). (2.13)

Then, the linear approximation to the system (2.12) can be written by

ks Z % 0 —kyZ?
OF
%'Wo 0 _—?E 0 |Wo
L ks 0 —ksZ
-k k
—yy thwa 0 -3
= 0 ~koyZ O
k
- i ks 0 ];173-
7
= 0 —koyq O | Ky, (2.14)
ks 0 gg
where
- ke & ks
foy = ~yg=2, ks = —. :
2= —Yar ks =g (2.15)
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The characteristic equation is then
(A — kaya) (A% — yar + ka) = 0, (2.16)

whose eigenvalues are
yg £ 1/y3 — ks

A1 = kayg, Aoz = 3

(2.17)

Given the constraints yg < 0, /2:2 > 0 and 123 > 0, all the above three eigenvalues have

negative real parts. This leads to the following:

Theorem 1 (from [2]) If yg < 0,ky > 0 and k3 > 0, then the equilibrium (0, ~§1;,0)T of

the visually servoed, omnidirectional robot equation (2.12) is locally asymptotically stable.

2.3 Extended Discrete-Time Proportional Controller
Due to the hardware architecture (section 2.1.2), currently, the wireless visual servoing

control scheme is implemented in a start-stop manner or as an iterative controller as

described by fig. 2.7.

==

Calculate Angle and Starting Point

Y

Succeed?

N

< Iteration > Threshold Y
I N
Iteration ++
Generate Commands and Send Them to ODIS End

|

Wait for Some Time till Commands Finish

Fig. 2.7: Tterative visual servoing control scheme.
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The iterative visual servoing controller is a simple proportional controller, given by

AX, = Oi(ug—u), (2.18)
AZ, = Cp(vq-v), (2.19)
Apy, = C3(0 —84), (2.20)

where (u, v) refers to the conventional image plane coordinates (in pixels in (2.18) - (2.20)).
AX and AZ are incremental translation distances in X and Z direction in the camera frame
respectively; Ay is the yaw angle increment with respect to the current ODIS orientation;
the yellow line angle # is positive if clockwise with respect to v axis in the image frame;
ug and vy are the desired position in the image plane which correspond to the yellow line
aligned vertically in the middle of the image plane (i.e., 5 = 0); and C1,Cy, Cs3 are all
controller gains which were roughly determined during our tests.

During our implementation of the visual servoing control algorithm described in the
above, there are several technical details that needed to be addressed. The following listed

are some of the important issues.

1) Yellow line searching: Upon receipt of localization command via visual servoing,
it may happen that the yellow does not lie in the field of view (FOV) of the ODIS
camera. A routine is designed to automatically locate the yellow line within the FOV
of camera, such that the iterative visual servoing routine can start to work. If there

is no yellow line found after a 360° trial, then we report an exceptional event to the

GUL

2) Upper half-image plane clipping: It may happen that a yellow colored car ap-
pears in the captured image. This will greatly affect the yellow line detection. For-
tunately, since the car image is usually in the upper half of the image plane, simply
clipping the upper half and using only the lower half plane for yellow line detection

will solve the “yellow car disturbance problem.”
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3) Image frame skipping: Due to the wireless connections, not all video frames have
good guality. Occasionally, the a frame can be very bad and not usable due to e.g.
E/M interference. We set a lower threshold and check the number of yellow pixels
in the lower half of the image plane and then discard those images containing few

yellow pixels.

4) Median filtering: A window buffer is built to store the yellow line parameters and
a median filter is used to make sure that the “measurement” is not jumping due to

the wireless connections.

2.4 Experimental Results

We performed tests in the parking area near outside the CSOIS “Blue Room.” We
did not perform any camera calibration and the visual servoing controller gains C;(j =
1,2,3) are determined by experimental trials. Cautious or smaller gains can ensure the
convergence of the iterative visual servoing process while suffering from slow convergence
rate. On the other hand, too aggressive or larger gains may oscillate the whole system
although they may make the convergence faster. A suitable design of the controller gains
largely depends on the modeling efforts. Systematic and optimal design of the control
gains or the development of the other control laws for the visual servoing system are our
possible future efforts.

We report here a typical wireless visual servoing experimental result. The results are
summarized in fig. 2.8 where we can see that the visual servoing errors in the image frame
converge to near zero as the number of iterations increases. After satisfactory alignment
to the yellow line with a number of visual servoing control iterations, the ODIS can be
thought of being localized and then a reset FOG command can be sent to ODIS (the FOG
is reset to the orientation of the yellow line as given in the assumed world map). Figure 2.9

shows another experimental result where the ODIS starts at a different initial position.
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Fig. 2.9: Another example of visual servoing: errors vs. iteration in the image frame.
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2.5 Discussion and Conclusions

We have presented in this section a simple robot locslization technique using a wire-
less visual servoing technique for an autonomous ground vehicle ODIS (omnidirectional
inspection system) used for under-car inspection tasks in standard parking lot environ-
ment. Based on the current architecture of ODIS and the dedicated scripting langunage, an
iterative visual servoing scheme is proposed to align the yellow line of the parking lot. The
iterative scheme tolerates the uncertain time delay due to the wireless connections without
introducing stability problems due to the time-varying delays in real-time visual servoing.
Experimental results were presented to show that for our specific application, the wireless
visual servoing technique presented is an efficient way for robot localization.

A near future effort is to use “continuous” visual servoing instead of the “iterative
scheme” presented in this section. To do this, we need to change the interface between
the scripting command and the Sensor Motion Scheduler (SMS) to receive in real-time the
time-varying reference signal for tracking purpose. Presently, the SMS only accepts set-
point commands for motion control. With a “reference tracking mode” added to the SMS,
the “continuous” visual servoing can be done easily. However, in this case, the control
period and delays will be important and stability issues will be dominant.

The current yellow line alignment method applies an iterative scheme with an uncal-
ibrated camera. If the camera is calibrated before hand, the task can be simplified by
estimating the depth, either via the known motion dynamics of the vehicle, or via the

known knowledge of the two parallel lines.
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Chapter 3

Camera Lens Distortion Correction

Chapter 2 describes an iterative visual servoing approach with an uncalibrated camera.
In this chapter, we consider the problem of lens distortion correction related to camera

calibration.

3.1 Background Introduction

To use the information provided by a computer vision system, it is necessary to under-
stand the geometric aspects of the imaging process, where the projection from 3-D world
reference frame to the camera’s image plane (2-D) causes direct depth information to be
lost so that each point on the image plane corresponds to a ray in the 3-D space {40]. The
most common geometric model of an intensity imaging camera is the perspective or pinhole
model (fig. 3.1 [40]). The model consists of the image plane and a 3-D point O°, called the
center or focus of projection. The distance between the image plane and O¢ is called the
focal length and the line through O¢ and perpendicular to the image plane is the optical
azis. The intersection between the image plane and the optical axis is called the principal
point or the image center. As shown in fig. 3.1, the image of P¢ is the point at which
the straight line through O° and P¢ intersects the image plane. The basic perspective

projection [41] in the camera frame is
( _ f X ye

where P°¢ = [X¢, Y, Z°]T is a 3-D point in the camera frame and p = [z,y]T is its projection
in the camera frame. In the camera frame, the third component of an image point is always
I

equal to the focal length f. For this reason, we can write p = [z, y|” instead of p = [z,y, f]T.

3.1.1 Aspects That Real Cameras Deviate from Pinhole Model
A real camera deviates from the pinhole model in several aspects. The most significant

effect is lens distortion. Because of various constraints in the lens manufacturing process,
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Fig. 3.1: The perspective camera model.

straight lines in the world imaged through real lenses generauy become curved in the image
plane. This distortion is almost always radially symmetric and is referred to as the radial
distortion. The radial distortion that causes the image to bulge toward the center is called
the barrel distortion, and distortion that causes the image to shrink toward the center is
called the pincushion distortion [42] (see fig. 3.2). The center of the distortions is usually

consistent with the image center.

Barrel Distortion Pincushion Distortion

Fig. 3.2: The barrel distortion and the pincushion distortion.

The second deviation is the flatness of the imaging media. However, digital cameras,
which have precisely flat and rectilinear imaging arrays, are not generally susceptible to this

kind of distortion. Another deviation is that the imaged rays do not necessarily intersect
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at a point, which means there is not a mathematically precise principal point as illustrated
in fig. 3.3. This effect is most noticeable in extreme wide-angle lenses. But the locus of
convergence is almost small enough to be treated as a point especially when the objects

being imaged are large with respect to the locus of convergence.

Incoming Rays L\ Incoming Rays
Principal Point / Locus of
Convergence

Pinhole Model Lens Camera

Film Plane
Film Plane

Fig. 3.3: Lens camera deviates from the pinhole model in locus of convergence.

3.1.2 Camera Parameters and Camera Calibration

Camera parameters are the parameters linking the coordinates of points in 3-D space
with the coordinates of their corresponding image points. In particular, the extrinsic
parameters are the parameters that define the location and orientation of the camera
reference frame with respect to the world reference frame. The intrinsic parameters are the
parameters necessary to link the pixel coordinates of an image point with the corresponding

coordinates in the camera frame {41].

Extrinsic Parameters

The extrinsic parameters are defined as any set of geometric parameters that uniquely
define the transformation between the world reference frame and the camera frame. A
typical choice for describing the transformation is to use a 3 x 1 vector ¢t and a 3 x 3
orthogonal rotation matrix R such that P° = RPY 4 t. According to Euler’s rotation
theorem, an arbitrary rotation can be described by only three parameters. As a result, the

rotation matrix R has three degree-of-freedom (DOF) and the extrinsic parameters totally
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have six DOF. Given a rotation matrix R
i1 T2 T3
R={ra ra rasi,
731 T32 T33
one method to get the three parameters that uniquely describe this matrix is to extract

ZY Z Euler angles (6,,0p,0.), such that the rotation matrix R can be calculated by [43]:

R = Rz(oa) Ry(gb) Rz(gc)v (3'2)
with
cos(f.) —sin(6.) O cos(Bp) O sin(6y)
R.(0c) = |sin(f:) cos(6) O, Ry(6)= 0 1 0 . (3.3)

0 0 1 ~sin(fy) 0 cos(fp)
When sin(6}) # 0, the solutions for (6, 6s,6.) are [43]:

8, = arctan2( rgl + 7"%2, 733),
0, = arctan?2 (ro3/sin(f),r13/ sin(6s)), (3.4)
6. = arctan?2 (rsy/sin(fp), —r31/ sin(6y)).

Intrinsic Parameters

The intrinsic parameters are as follows:
1) The focal length f.

2) The parameters defining the transformation between the camera frame and the image
plane. Neglecting any geometric distortion and with the assumption that the CCD

array is made of a rectangular grid of photosensitive elements, we have:

z=—(u— up) Sz,

y = —(v— o) Sy, (3:5)

with (ug,vg) the coordinates in pixel of the image center and sz, s, the effective sizes
of the pixel in the horizontal and vertical direction, respectively. Let f; = f/s, and

fy = f/sy. The current set of intrinsic parameters are ug, vo, fz, and fy.
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Fig. 3.4: Skewness of two image axes.

3) The parameter describing the skewness of the two image axes: v = f,tand. The

skewness of two image axes is illustrated in fig. 3.4.

4) The parameters characterizing the lens distortion.

Projection Matrix
With the homogeneous transform and the camera parameters, we can have a 3 x 4
matrix, called the projection matriz, that directly links a point in the 3-D world reference

frame to its projection in the image plane. That is {12, 41]:

X
U o Y ug X¢
Y'LU
A v = A [R] 1] =0 F wg Yel, (3.6)
Z’(ﬂ
1 0 0 1 zZ°
1

where (u, v) is the distortion-free image point on the image plane; the matrix Ay, called
the intrinsic matrix, fully depends on the camera’s five intrinsic parameters (e, v, 3, ug, vo),
with (a, 8) being two scalars in the two image axes, (ug, vg) the coordinates of the principal
point, and 7 describing the skewness of the two image axes; [X¢, Y, Z¢|T denotes a point
in the camera frame which is related to the corresponding point [X¥,Y%,Z%]7 in the
world reference frame by P° = RPY + t with {R,t) being the rotation matrix and the
translation vector. For a variety of computer vision applications where a camera is used as
a sensor in the system, the camera is always assumed fully calibrated beforehand. From

equations (3.1) and (3.5), we have

Y = — - - Uy. (3.7
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From equation (3.6), we have

(

U= + up, (3.8)

with scaling factor A = Z°. From the above two equations, we get « = —f/s, = —fz. In
the same manner, 8 = —fy.

Camera. calibration is the process of estimating the camera’s extrinsic parameters,
intrinsic parameters, and the distortion coefficients. The early works on precise camera
calibration, starting in the photogrammetry cornmunity, use a 3-D calibration object whose
geometry in the 3-D space was required to be known with a very good precision. However,
since these approaches require an expensive calibration apparatus, camera calibration is
prevented from being carried out broadly. Aiming at the general public, the camera cal-
ibration method proposed in {12] focuses on desktop vision system and uses 2-D metric
information. The key feature of the calibration method in [12! is that it only requires the
camera to observe a planar pattern at a few {at least three, if both the intrinsic and the
extrinsic parameters are to be estimated uniquely) different orientations without know-
ing the motion of the camera or the calibration object. Due to the above flexibility, the
calibration method in [12] is used in this dissertation, where the detailed procedures are
summarized as: 1) estimation of intrinsic parameters, 2) estimation of extrinsic parame-
ters, 3) estimation of distortion coefficients, and 4) nonlinear optimization. The overall

calibration procedures are illustrated in fig. 3.5.

3.1.3 Radial Distortion

In equation (3.6), (u,v) is not the actually observed image point since virtually all
imaging devices introduce a certain amount of nonlinear distortion. Among the nonlinear
distortions, radial distortion, which occurs along the radial direction from the center of
distortion, is the most severe part [9, 10]. The removal or alleviation of the radial distortion
is commonly performed by first applying a parametric radial distortion model, estimating

the distortion coeflicients, and then correcting the distortion.
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(As Zero)
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Nonlinear Optimization with
Different Distortion Models

Fig. 3.5: Camera calibration procedures.

Lens distortion is very important for accurate 3-D measurement {8]. Let (uq, v4) be the
actually observed image point and assume that the center of distortion is at the principal

point. The relationship between the undistorted and the distorted radial distances is given
by:
rq =1+ 3, (3.9)

where rg4 is the distorted radial distance and §, the radial distortion.
Most of the existing works on the radial distortion models can be traced back to an
early study in photogrammetry [11] where the radial distortion is suggested to be governed

by the following polynomial equation [11, 12, 13, 14]:
ra=71f(rk) =71+ kr® +kor* + ksr® + ..., (3.10)
where k = (k1, ko, k3, . ..) are the distortion coefficients. It follows that
zg =z f(r), ya=vy/f(r), (3.11)
which is equivalent to

Uug —ug = (u—up)f(r), vg—vg=(v—vy)f(r). (3.12)
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For the polynomial radial distortion model (3.10) and its variants, the distortion is

especially dominated by the first termo and it has also been found that too high an order
may cause numerical instability {10, 12, 44]. When using two coefficients, the relationship

between the distorted and the undistorted radial distances becomes [12]
rg=1(1+kr? +kyrt). (3.13)

The inverse of the polynomial function (3.13) is difficult to perform analytically, but can
be obtained numerically via an iterative scheme.
Besides the commonly used radial distortion modeling (3.10), the relationship between

rq and r can also be modelled as [45]
ra=1f(r) =r(1+kir+kor® + kar® +...). (3.14)

To overcome the inversion problem, the above model with two coefficients is studied in
{29}, which is

fr)=1+kyr+kyr? (3.15)

whose appealing feature lies in its satisfactory accuracy as well as the existence of an easy
analytical undistortion formula.

Until recently, the most commonly used radial distortion models are still in the poly-
nomial form, though other models, such as the division model {46} and the fish-eye radial
distortion models (such as the fish eye transform [9]), are available in the literature. A

rational model in the form of

V14+4kr? -1

2k (3.16)

4=
is proposed in {47] when rg and r are expressed in the camera frame. However, it is not
specified clearly in {47] why this model is sought.

In this dissertation, a new class of rational radial distortion models that are functions
of simple polynomials is proposed. In the full-scale nonlinear optimization, the following

objective function [12]:

Mm'ﬂ

J = Z Z ”m‘bj - m(Aintra k: R’i) ti: M])”27 (317)

d=] g=1
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is used, where M; is the 4" 3-D point in the world frame with Z* = 0; M Aintr, k, Rs, ts, M)
is the projection of point M in the ith image using the estimated parameters; k denotes the
distortion coeflicients; n is the number of feature points in the coplanar calibration object;
and Njy! is the number of images taken for calibration. In [12], the estimation of radial
distortion is done after having estimated the intrinsic and the extrinsic parameters and
just before the nonlinear optimization step. So, for different radial distortion models, we
can reuse the estimated intrinsic and extrinsic parameters. The quantities M; are known
during the calibration process. Knowledge of M; comes from the known calibration target,
which is a 2-D planar surface in our study. The quantities R; and t; are not fixed during

the nonlinear optimization.

3.2 Feature Extraction
The calibration method illustrated here uses a planar calibration object shown in

fig. 3.6, where 64 squares are separated evenly and the side of each square is 1.3 cm.

Fig. 3.6: Calibration object.

The procedures to extract the feature locations of the above calibration object are
illustrated in table 3.1. The input image is an intensity image. After thresholding it with a
certain value (which is 150 in our case), we can get a binary image. The binary image then

goes through a Connected Component Labelling algorithin [48, 49| that outputs a region

1 and Niy are chosen to be n = 256 and Nim = 5 in all the experiments performed in this dissertation.
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map, where each class of the connected pixels is given a unique label. For every class in
the region map, we need to know whether or not it can be a square. In our approach, this
is done by first detecting the edge of each class and then finding the number of partitions
of the edge points. If the number of partitions is not equal to four, which means it is not
a 4-sided polygon, we will bypass this class. Otherwise, we will fit a line using all the
edge points that lie between each two adjacent partitions and thus get four line fits. The
final output of this class is the intersections of these four line fits that approximate the
four corners of each square. After running through all the classes in the region map, if
the number of detected squares equals to the actual number of squares in the calibration
object, we will record all the detected corners and arrange them in the same order as for
the 3-D points in the 3-D space (for a given calibration object, assume Z% = 0, we know
the exact coordinates of the feature points in world reference frame and we need to arrange
these feature points in a certain order so that after detecting feature points in the observed
images, we can have an algorithm to seek the map from a point in the world frame to its
corresponding projection in the image plane). After detecting five images, we are ready

for the camera calculation.

Table 3.1: Procedures to Extract Feature Locations

Threshold input intensity image to make it binary (the threshold is 150)
Find connected components using 8-connectivity method, and output a region map

Loop for every class in the region map
Select the class whose area is < 3000 and > 20
Binary edge detection of this class
Find partitions of the detected edge points
If number of partitions = 4
Line fit between each two adjacent partitions
Qutput four line intersections
End if
End loop

If the total number of intersections = 4 x number of squares in the calibration object
Arrange intersections in the same order as points in the world reference frame
End if

Reproduced with permission of the copyright owner. Further reproduction prohibited without permission.



37
Binary Image Edge Detection (Boundary Finding)

A boundary point of an object in a binary image is a point whose 4-neighborhood or
8-neighborhood intersects the object and its complement. Boundaries for binary images are
classified by their connectivity and by whether they lie within the object or its complement.
The four classifications are: interior or exterior 8-boundaries and interior or exterior 4-
boundaries [39]. In our approach, we use the interior 8-boundary operator, as shown in

fig. 3.7, which is denoted by [39]:

b=(1-(aoNy)) a, (3.18)

where

1) a is the input binary image.

2) b is the output boundary binary image.

3) N, is the 4-neighborhood: Nei(p(u,v)) ={y:y = (u*j,v) ory = (u,v+1i),i,j €
{0,1}}.

4) For each pixel p(u,v) in a, p(u,v) © Ne = minimum pixel value around p (u,v) in

the sense of 4-neighborhood.

Fig. 3.7: Objects and their interior 8-boundary.
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Partitions of Edge Points

Given a set of points that characterize the boundary of some object, a common ques-
tion is what shape this object is, when we try to use polygons, especially the convex
polygons, to denote objects in the real world. The set of points can be the output of some
range finding sensors, such as laser and sonar. Or, it can come from images captured by
a camera and is preprocessed by some edge detector, which is just the case we are dis-
cussing. In our problem, we know beforehand that the region of interest is a square and we
can use the scan line approximation method [50, 51] to find the partitions. The scan line
approximation algorithm is described in table 3.2. Figure 3.8 shows an illustration. Fig-
ure 3.9 shows the fitting results using the partitions found by the scan line approximation

algorithm, where all the input data are the edge points of squares in a real image.

Table 3.2: Scan Line Approximation Algorithm

Problem Definition
Assumption: Object is described using a convex polygon.
Given: A set of data points that have already been sorted in certain order.
Find: Partitions.
Algorithm

Scan Line Approximation (start index, end index, data points)

Draw a line connecting the starting point and the ending point

Calculate the maximum distance each point € [start index, end index] to this line

If the maximum distance is greater than a predefined threshold

Record the index of the point that gives the maximum distance

Set end index = the index of that point that gives the maximum distance
Scan Line Approximation (start index, end index, data points)

Set start index = the index of that point that gives the maximum distance
Scan Line Approximation (start index, end index, data points)
Eund if

In table 3.2, the algorithm is implemented in a recursive way. When applying this
algorithm, an important issue is how to decide the threshold. Unfortunately, this threshold
is application-dependent. In our implementation, we choose 5 ~ 10 pixels. The smaller the
squares or the farther that the camera is away from the calibration object, the smaller the

threshold should be. Another issue to which we need to pay attention is how to choose the
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Fig. 3.8: Hlustration of scan line approximation algorithm (a) 3 sides (b) 4 sides.

initial starting and ending points. They cannot be on the same side. Otherwise, due to the
noise in the data, the point whose distance to the line connecting the starting and ending
points is maximal might not be around the corners. This problem can be solved simply by
first finding the two adjacent points whose maximal distance that all other points to this

line is the biggest.
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Fig. 3.9: Fitting results using partitions found by scan line approximation.

Figures 3.10 and 3.11 show two sets of processed images at all steps, where the input
images are captured by a desktop camera. Natice that in fig. 3.11, in the image titled with
“Binary Image -+ Partition Points,” the triangle in the upper right corner does not show
in the next step. The reason why this happens is that after finding the partitions, the

number of partitions does not equal to four and we thus bypass this region.
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Fig. 3.11: Feature points extraction for desktop images (2).

3.3 Analytical Polynomial Radial Distortion Model

Sections 3.1 and 3.2 have described the general background of camera calibration and
the preprocessing of the images for the camera calibration. In the following sections, we

shall focus on lens distortion modeling, with an emphasis on the analytical inverse formula.
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The conventional radial distortion model (3.13) does not have an exact inverse. Ex-

isting methods to overcome the problem of no analytical inverse function include:

1) Using iterative numerical methods.

2) Preparing a table containing the inverse relationship and searching through the table

for the inverse.
3) Using approximations, such as [52]
ra =11 +kr? +kyr) o r =r4(1 — kvl — ko) (3.19)

and {46]
Tq

—_ 2 —
Td—’”(l"‘kl?")“—)’f'—m‘

(3.20)

The fitting results given by the above approximations can be satisfactory when the
distortion coeflicients are small values. However, an extra source of error is introduced

and this will inevitably degrade the calibration accuracy.

The above listed three methods introduce either additional computation time or ad-
ditional approximation errors. Due to these reasons, an analytical inverse function that
has the advantage of giving the exact undistortion solution is one of the main focus of this
work. To overcome the shortcoming of no analytical inverse formula, but still preserving
a comparable accuracy, the radial distortion model (3.15) that has the following three

properties has been studied in {29]:

1) This function is radially symmetric around the center of distortion (which is assumed
to be at the principal point (ug,vo) for our discussion) and it is expressible in terms

of radius r only.

2) This function is continuous and derivable, hence rg = 0 iff r = 0 within the operating

range of .2

ZFor a higher order polynomial in the form of 74 = rf(r), it is obvious that r = 0 = r4 = 0. However,
without a proper hypothesis, there might exist other solutions besides r = 0 that satisfy 74 = 0. To model
the physical lens distortion, the condition that r4 = 0 = v = 0 has to be ensured within the operating
range of r.
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3) The resultant approximation of z4 is an odd function of z. For example, from (3.15),

we have

{ zg =2 f(r) =z (1+kir + kar?) (3.21)

ya=y f(r) =y +kir+kor?)
It is obvious that zq = 0 iff z = 0. When z4 # 0, by letting k = yg/z4 = y/z, we
have y = xz where & is a constant. Substituting ¥ = kz into the above equation

gives:

Ty = T [l + k1Vx2? + K222 -+ ky(x? + HZ:CZ)]

o+ kiV1 + k2sgn(z) 22 + ka(1 + k?) 22, (3.22)

i

where sgn{z) gives the sign of 2 and z, is an odd function of . Thus, when interpret-
ing from the relationship between (z4,y4) and (z,y) in the camera frame, the radial
distortion function is to approximate the x4 <+ x relationship, which is intuitively an

" odd function.

Remark 3.3.1 The radial distortion models discussed in this dissertation belong to the
category of Undistorted-Distorted model, while the Distorted-Undistorted model also exists
in the literature to correct the distortion [53]. The radial distortion models can be applied

to the D-U formulation simply by defining

r=r1q f(rq)-

Consistent results and improvement can be achieved in the above D-U formulation. While
a D-U formulation relieves us the task of performing undistortion, in some cases, it is
still desirable to locate the projection of a 3-D point on the image plane knowing its 3-D

coordinates.

Analytical Radial Undistortion

From equations (3.14) and (3.15),

kor® + kyr* + 1 —rg = 0. (3.23)
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By letting a = ky/ko,b = 1/kg, and ¢ = —r4/ky, we have

r*+ar? +br+c=0. (3.24)

Further, let ¥ = r +a/3. The above equation becomes 7> +p7 + ¢ = 0, where p = b— a®/3
and q = 2a%/27 — ab/3+c. Let A = ()? + ()3, If A > 0, there is only one solution; if
A =0, then r = 0, which occurs when §, = 0; if A < 0, then therg are three solutions [54].
In general, the middle one is what we need, since the first root is at a negative radius and
the third lies beyond the positive turning point [55, 56]. After r is determined, (u,v) can

be calculated from (3.12) directly.

3.4 Rational Radial Distortion Models

Based on the three criteria listed in section 3.3, a new class of radial distortion models
(models #b5,6,7,8,9,10) is proposed and summarized in table 3.3, where the other four
polynomial models (models #1, 2, 3, 4) are also listed. This class of six new models is
our original contribution of this dissertation. Using these models, the 24 < z relationship
complies with the property of being an odd function, as shown in the third column in
table 3.3.

Clearly, all these functions in table 3.3, except the function #4, are special cases of

the following function

1+ &7+ Kor?

1+ k3r+Kar? + Kyrd

flrk) = (3.25)

The function #4 in table 3.3 is the most commonly used radial distortion function in
the polynomial approximation category. The other nine functions in table 3.3 are studied
specifically with the goal to achieve comparable performance with the function #4 using
the least amount of model complexity and as few distortion coefficients as possible. Since
the functions #89, 10 in table 3.3 begin to show comparable calibration performance to the
function #4 {as can be seen later in section 3.6), more complex distortion functions are

not studied in this dissertation.
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Table 3.3: Distortion Models

# | f(r) zq = f(z)
1| 1+kr z-(1+kvV1+ 2 zsgn(z))
2 | 1+kr? z-(1+k(1+c2)z?)
3| 1+kir+hker? [z-(1+kivi+Ezsgn(z)+ks (14 c?)z?)
4 [ 14+kir?+hrt|z- U+ +cA)a?+ ke (1+2)? 2%
5 1 N 1
1+ll€7" 1+k\/%+czzsgn(a:)
6 1+Fkr? m.1+k(1+02 z?
. 14+kyr m~1+k1 1+ 2z sgn(z)
1+k‘2r12 1+k2(1+62)$f
8 -
1+kir+kpr? 1+ kivV14 2 zsgn(z) + ko (1 + c2) z?
9 1+kir . 14 k1v1+ ¢ z sgn(z)
1+kor+ksr? 14 ke vV1+ 2z sgn(z) + k3 (1 + c2) 22
10 1+ kyr? . 1+ k1 (14 ) z?
1+kyr+ksr? 1+ kovV1+c2zsgn(z) + ks (1 +c2)z?

*With the risk of introducing some confusion, the same symbols ky, ks, and
k3 are used in different models that might have different values.

Radial Undistortion of the Rational Models
The rational functions listed in table 3.3 are all special cases of the function (3.25).
Radial undistortion of the proposed rational functions are illustrated in the next using the

general function (3.25). From (3.25), we have

14 K17+ Ko r?

Td:rf(r)=T1—§—n3r+n41"2+/<,5r3' {3.26)
After simple mathematical derivations,
(raks — kg)'r3 + (rgkq — k:l)T'z + (raks — Dr+rg=0 (3.27)
By letting
. ’I”dk4 - kl _ Tdkg —1 c= Td
o 'rdk5 - kz’ - 'l‘dk5 - kz’ - Tdk‘s — k‘Q7

we arrive at equation (3.24). Following the procedures described in section 3.3, radial
undistortion of the general rational function (3.25) can be performed analytically with a

closed-form solution.
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3.5 Piecewise Radial Distortion Model

Besides the rational distortion functions as listed in table 3.3, a two-segment radial
distortion function is proposed and illustrated in fig. 3.12, where each segment is a function
of the form

ry=ag+ayr+agr?, for rel0,r
{fl() 0+ a1 2 [0,71] (3.28)

fa(r) =bo+bir+byr?, for ré&(ry,mg)

with r; = r2/2. We are interested in estimating the coefficients (ag, a1, a2) and (b, b1, b2)
such that the two polynomials are continuous and smooth at the interior point 7 = r;. The
reason for choosing a distortion function similar to (3.15) for each segment, is that the radial
undistortion can be performed using the analytical procedures described in section 3.3 with

no iterations.

&)
A
1 “‘”‘*"""—-———MW_,; g
H a b T T
¢ 8
H i
H
i
e T
g n 1

Fig. 3.12: A smooth piecewise function (two-segment).

To ensure that the overall function (3.28) is continuous and smooth across the interior

point,? the following six constraints can be applied:

( H0)=1
a+arr+agri=fi
a3 +2a97r1 = dy

j bo +b1r1+b2rf=f1
b1 + 2byry = dj
bo+b1?"2+bz'r'%:fz

: (3.29)

\

®Besides the requirement of continuity and smoothness at the interior point 71, the estimated f {r)
curve has to be monotonous to ensure the unigueness in the rq <« r relationship in the context of lens
distortion modeling. However, this additional constraint is not necessary since it is inherent in the physical
lens to be modelled.
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where fi = fi(r1) = fa(r1), fa = fa(rs), and dy = fi(r1) = fo(r1). By enforcing that the
two segments have the same value and derivative at the interior point ri, the resultant
single function is guaranteed to be continuous and smooth over the whole range [0,7].
Since each interior point provides four constraints to make the resultant single function
smooth, in order to estimate the coefficients (ag, a1,a2) and (bg, b1, b2) uniquely, we need
another two constraints, which are chosen to be f1(0) and fa(r2) in (3.29).

Since the coeflicients (agp, a1, az2) and (b, by, b2) in (3.29) can be calculated uniquely
from (f1,du, f2) by:
ag = 1
a1 = (=2-mdi+2f1)/m
ay=(1+ridi — f1)/r?
by = (fo— fi+ridy —rady) [ (ry —r2)?

bl = dl — 2 b27"1
bo=f1—dim + bg’r‘i?

(3.30)

\

the radial distortion coeflicients that are used in the nonlinear optimization for the piece-
wise radial distortion model can be chosen to be (f1,ds, f2) with the initial values (1,0, 1)
(equivalent to k = 0 for a single distortion function), which has only one extra coefficient
compared with the single model (3.15). During the nonlinear optimization process, the

coefficients (ag, a1, ag) and (by, by, bg) are calculated from (3.30) in each iteration.

3.6 Experimental Results

A series of experiments have been performed in this section to validate the proposed
rational and piecewise distortion models. First, the final values of the objective function
J defined in (3.17) of three groups of testing images are given in section 3.6.1. The model
selection problem among the ten models in table 3.3 is further discussed using the geomet-
ric AIC (Akaike Information Criterion) and the geometric MDL (Minimum Description
Length) criteria [57, 58] (section 3.6.2). Then, we simulate the whole imaging process by
constructing a virtual camera with known camera parameters and radial distortion (sec-
tion 3.6.3). We generate images with noise of a planar calibration target. At a second time,
we test if the distortion coefficients are accurately estimated by observing the resultant

f(r) < r curves.
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3.6.1 Imitial Model Comparison
For the proposed rational distortion functions (models #5, 6, 7, 8, 9, 10), comparisons
are first made with the other four polynomial functions (models #1, 2, 3, 4) based on the
final values of the objective function J in (3.17) after nonlinear optimization by the Matlab
function fminunc, since the common approach to the carnera calibration is to perform a
full-scale nonlinear optimization for all parameters. Using the public domain testing images
(640 x 480 in pixels) [59], the desktop camera images (320 x 240) [60] (a color camera in
our CSOIS), and the ODIS camera images (320 x 240) {60] (the camera on ODIS robot
built in our CSOIS), the final values of J, the estimated distortion coefficients, and the
five estimated intrinsic parameters (o, 8,7, ug, vo), are shown in Tables 3.4, 3.5, and 3.6,
respectively. The extracted corners for the model plane of the desktop and the ODIS
cameras are shown in figs. 3.13 and 3.14. As noticed from these images, the two cameras
both experience a barrel distortion.* In the experiments, we used the planar calibration

target shown in fig. 3.6 images were taken for each calibration.

Fig. 3.13: Five images of the model plane with the extracted corners (indicated by cross)
for the desktop camera.

Tables 3.4, 3.5, and 3.6 have the same format. The first column is the model number
consistent with table 3.3.. The second column shows the values of the objective function
J defined in (3.17). The third column, the rank, sorts the distortion models by J in
a [l-smallest, 10-largest] manner. From Tables 3.4, 3.5, and 3.6, we have the following

observations:

“The plotted dots in the center of each square are only used for judging the correspondence with the
world reference points.
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Fig. 3.14: Five images of the model plane with the extracted corners (indicated by cross)
for the ODIS camera.

1) Using the proposed rational models, comparable, or even better, results can be

achieved compared with the polynomial model #4 in table 3.3, at the cost of in-

troducing an extra distortion coeflicient.

2) For each category of models, either polynomial or rational, they generally follow the

trend that the more complex the model, the smaller the fitting residual J.

3) When the distortion is significant, the performance improvement using complex mod-

els becomes more obvious.

The comparison based on J in Tables 3.4, 3.5, and 3.6 might not be fair since the
distortion models use different numbers of distortion coefficients. Due to this concern, more
sir‘nulations and discussions are presented in sections 3.6.2 and 3.6.3 for the validation of the
proposed rational models regarding their accuracy improvement and stability. Our main
point is to emphasize that, by applying the rational functions, comparable accuracy can
be achieved without sacrificing the property of having an analytical undistortion function.

To make the results repeatable by other researchers for further investigation, we
present the options we use for the nonlinear optimization:
options = optimset(‘Display’, ‘iter’, ‘LargeScale’, ‘off’, ‘MaxFunEvals’,

8000, ‘TolX’, 107%, ‘TolFun’, 107°, ‘MaxIter’, 120).

3.6.2 Distortion Model Selection
Classical criteria that are used in computer vision to assess the accuracy of calibration

includes the radial distortion as one part inherently [42]. However, the idea to chose among
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# J Rank Final Values of k Final Values of {a,~,uq, 5, vo)
1 |180.5714 9 -0.0984 - - | 845.305 0.191 303.572 845.262 208.439
2| 148.2789 8 -0.1984 - -1830.742 0.216 303.948 830.798 206.557
3 {145.6592 6 -0.0215 -0.1566 -1833.650 0.207 303.984 833.686 206.555
4 | 144.8802 3 -0.2286 0.1905 -] 832.486 0.204 303.960 832.515 206.581
5 | 185.0628 10 0.1031 - -1846.130 0.192 303.507 846.082 208.694
6 | 147.0000 7 0.2050 - -1831.086 0.213 303.964 831.136 206.517
7 | 1454682 5 -0.0174 0.1702 -1833.397 0.207 303.968 833.432 206.556
8 | 145.4504 4 0.0170 0.1725 -1 833.384 0.206 303.971 833.419 206.544
9 | 144.8328 2 1.6457 1.6115 0.4054 | 830.941 0.204 303.957 830.970 206.583
10 | 144.8257 1 1.2790 -0.0119 1.5478 | 831.737 0.204 303.957 831.766 206.592
Table 3.5: Comparison Results Using Desktop Images
# | J (x10%) | Rank Final Values of k Final Values of (¢,7,u0, 3, v0)
1 1.0167 9 -0.2466 - - 1295573 -0.819 156.610 288.876 119.852
2 0.9047 8 -0.2765 - - 1275595 -0.666 158.201 269.230 121.525
3 0.8033 7 -0.1067 -0.1577 -1282.564 -0.619 154,491 275.901 120.092
4 0.7790 1 -0.3435 0.1232 -1 277.144 -0.573 153.988 270.558 119.810
5 1.2018 10 0.3045 - ~-1302.233 -1.023 160.560 295.676 120.744
6 0.7986 6 0.3252 - -1276.2562 -0.578 154.797 269.706 120.323
7 0.7876 5 -0.0485 0.2644 -1279.506 -0.588 154.173 272.882 119.956
8 0.7864 4 0.0424 0.2834 -1279.326 -0.587 154.116 272.704 119.921
9 0.7809 3 0.5868 0.5271 0.5302 | 275.831 -0.573 153.999 269.282 119.819
10{ 0.7800 2 0.2768 -0.0252 0.6778 | 276.450 -0.573 153.991 269.885 119.809
Table 3.6: Comparison Results Using ODIS Images
# | J(x10%) | Rank | Final Values of k Final Values of (a,v,u, 5, %)
1 0.9444 9 -0.2327 - -1 274.266 -0.115 140.362 268.307 114.391
2 0.9331 8 -0.2752 - - | 268.319 -0.516 137.215 252.685 115.930
3 0.8513 6 -0.1192° -0.1365 -1266.085 -0.367 139919 260.313 113.241
4 0.8403 3 -0.3554 0.1633 -1260.765 -0.274 140.058 255.148 113.172
5 1.0366 10 0.2828 - - 1278.021 -0.028 139.594 271.927 116.299
6 0.8676 7 0.3190 - -1259.494 -0.430 139.125 253.869 113.961
7 0.8450 5 -0.0815 0.2119 - 1264.403 -0.350 140.052 258.680 113.144
8 0.8438 4 0.0725 0.2419 -1264.134 -0.342 140.109 258.420 113.112
9 0.8379 1 1.2859 1.1839 0.7187 | 259.288 -0).282 140.293 253.704 113.007
101 0.8383 2 0.4494 -0.0124 0.8540 | 260.937 -0.280 140.243 255.317 113.056
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candidate models the one that gives the smallest residual does not work, because a model
with more degrees of freedom might always be chosen since it is more likely to yield a
smaller residual. To compare the distortion models fairly, the over-fit caused by more
degrees of freedom in the distortion model needs to be compensated. Due to the above
concern, a comparison that is solely based on the fitting residual of the full-scale nonlinear
optimization, as performed in section 3.6.1, is not enough.

Model selection is one of the central subjects of statistical inference. In [{57], two
widely adopted criteria for statistical model selection, Aksike’s AIC and Rissanen’s MDL,
have been generalized to be GAIC and GMDL for the geometric fitting such that the
generalized GAIC and GMDL can be helpful for geometric problems considered in the
computer vision. The GAIC and GMDL of a model S are defined as [57, 58]:

GAIC(S) = J(S) + 2(dD + p)e?, (3.31)

and

GMDL(S) = J(S) — (dD + p)eZlog(e/L)?, (3.32)

where J(S) is the fitting residual when data of size D are fitted to the model S. p is the
degree of freedom (DOF) of the model S. d = m — s with m the dimension of the observed
data and s the co-dimension of the model. L is a reference length, which is taken to be
the image width in {58]. ¢ is the noise level in the data set.

In the context of lens distortion modeling, in order to apply the GAIC and GMDL,
the noise level € needs to be known. An unbiased estimate of £ can be obtained from the

most commonly used candidate model (3.13), denoted by S°, as i57, 58!

. J(S°
62 = :;‘*D‘(—:—%—d, (333)

where p is the DOF of the model S°.
Naturally, interests arose about using the MDL criterion, since it is regarded by many

as superior to the AIC criterion for statistical inference. It was thus anticipated that a

criterion like MDL would outperform the geometric AIC for geometric fitting, too [57].
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However, it has been reported in [57] that the above anticipation is negative. In this ex-
periment, both the GAIC and GMDL are applied to validate the proposed model relevance,
with results shown in table 3.7. The first column “#” denotes the model number consistent
with table 3.3. The quantities under “GAIC” and “GMDL” are the calculated values using
(3.31) and (3.32), respectively, where an unbiased estimate of ¢ is obtained from the most
commonly used candidate model (3.13). To calculate the GMDL, the reference length L is
chosen to be the width of the image [58]. That is, L is chosen to be 640, 320, and 320 for
the public, the desktop, and the ODIS images. To facilitate an easy comparison, the rank
that sorts the ten models by the GAIC and GMDL criteria in a [1-smallest, 10-largest]

manner are provided as subscripts associated with each quantity.

Table 3.7: Model Selection Using the GAIC and GMDL Criteria

Public (L = 640) Desktop (L = 320) ODIS (L = 320)
# [ TGAIC  GMDL(10°) | GAIC(10°) GMDL(10%) | GAIC(10°) GMDL(10%)
1 | 471.0120y 2.37344 2.5784, 1.04114 2.62894 1.10144
2 | 438.7195; 2.3411¢ 2.4663¢ 1.02994 2.6176¢ 1.1003¢
3 | 436.32664 2.34025 2.3661, 1.02055 2.5371¢4 1.09294
4 | 435.5476, 2.3394; 2.3418; 1.0181; 2.5261g 1.0918;
5 1475503470 2.3779 2.7634 4, 1.06964¢ 2.72114p 1.11064¢
6 | 437.4406+ 2.3398, 2.36024 1.01934 2.55214 1.0937
7 | 436.13565 2.3400, 2.3504 5 1.0189, 2.5308; 1.09234
8 | 436.1178, 2.34004 2.3492, 1.0188, 2.5296 1.0921,
9 | 435.72694 2.3411, 2.34504 1.01905 2.5250; 1.0923;
10| 435.7198, 2.3411¢4 2.3441, 1.01894 2.5254 9 1.0924;

Table 3.7 deserves careful observation. For the three groups of testing images, the
GAIC criterion generally favors the models #4,7,8,9,10 (though not necessarily in the
same order), more than the other five models. When using the GMDL criterion, other than
selecting models #7,8,9, 10 for the desktop and the ODIS camera, for the public image,
it favors the models #3 and 6. In fact, this phenomenon is not surprising, since when the
distortion is not significant, it is natural that the advantage gained by using more complex

models can not be paid off. Further, the penalty for one degree of freedom is heavier in the

Reproduced with permission of the copyright owner. Further reproduction prohibited without permission.



52

GMDL than in the GAIC (see (3.31) and (3.32)). Thus, the GAIC is more faithful to the
data than the GMDL, which is more likely to choose a degenerate model [57]. In summary,
the proposed rational functions, at least the functions #7,8,9,10, provide comparable
alternatives to the commonly used model #4 concerning the calibration accuracy and the
property of having analytical inverse formulae. Notice that, in the comparison performed

in table 3.7, the model #4 is treated as the ground truth model.

3.6.3 Evaluation of Distortion Only

The GAIC and GMDL based model selection, as presented in section 3.6.2, uses
the fitting residual after the nonlinear optimization process with the extra DOF in the
distortion model being compensated. In this section, we want to imagine the measurements
that involve the distortion only. This is based on the idea that if the distortion coefficients
are accurately estimated, the resultant f(r) <> r curves should be close to the true curve.
Since the true values of the intrinsic parameters and the distortion coefficients are by no
means exactly known from a manufactured camera as used in sections 3.6.1 and 3.6.2, we
construct a virtual camera via simulation to evaluate the distortion calibration. Besides,
we also consider how the initial values of the intrinsic and extrinsic parameters affect the

final selection of the distortion model.

When constructing the virtual camera, we assume that the camera has the following

parameters:

1) Intrinsic matrix:

260 —0.2741 140.0581
Ame= | 0 2551489 113.1727 | . (3.34)
0 0 1

2) Distortion model: f(r) =1 — 0.355472 -+ 0.1633 4,
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3) Extrinsic matrix:
[-1.89 283 -195 12.16 -12.64 -31.907
-1.26 294 -129 1039 -1631 -33.44
RT'=|-151 278 -153 13.03 -12.09 -24.50], (3.35)

-1.46 281 -147 1288 -13.07 -27.26

| -0.80 259 —-0.74 11.16 -—-11.69 —~23.99
where each row in (3.35) denotes the transformation between the camera and the
world coordinate system, and where the first three elements in each row in RT" denote
the ZY Z Euler angles (see equations (3.2 - 3.4)). The remaining three elements
denote the translational vector. The matrix RT has five rows to simulate the usage
of five images for the camera calibration. The distortion model selected in the form
of (3.13) is due to its common usage and acceptance. The simulated camera, is close

to the ODIS camera shown in table 3.6.

First, consider the influence of different initial values for the final distortion model
selection. While different methods using the same data set might give different initial
values, what we simulate here uses the same method to obtain the initial values, but with
corrupted simulated images. The simulated calibration process is performed when noise
levels of 0, 0.25, 0.5, and 0.755 are applied to the ideal simulated (ug, vg) that is calculated
using the assumed camera parameters in (3.34) and (3.35). For each noise level, five sets
of corrupted images are generated, where each set contains five images for the calibration.
We average the five sets of calibration results and use the average for comparison.

Since we are mainly interested in how the initial values influence the final selection
of the distortion model, detailed values of J,{¢,,uo,5,vs), and k are not given. Only
the model numbers in a sorted manner are presented in table 3.8, under the above four
different noise levels using the GAIC and the GMDL criteria, where the GMDL quantities

are written in an Italian format.

5The noise is generated using the Matlab command randn(-) multiplied with the corresponding noise
level.
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Quantities in table 3.8 show a similar trend as already shown in table 3.7, in the sense
that the GAIC criterion shows a consistent selection of the rational models #7,8,9,10
among the top five models (not necessarily in the same order). However, when using the
GMDL criterion, as the noise level increases, that is, as the initial values deviate from
their “true values,” the GMDL criterion chooses models #3, 6 over #9, 10 to be among the
top five. Again, this is due to the tendency in the GMDL to select a degenerate model of
less coefficients, model #6 (one coefficient) over #4 (two coefficients) and model #3 (two

coeflicients) over models #9, 10 (three coefficients).

Table 3.8: Model Selection of the Simulated Camera

Noise Model #
Level «——  Better Worse = ——
4 10 9 8 7 6 3 2 1 5
0 4 10 9 & 7 6 38 2 1 §
4 10 9 8 7 3 6 2 1 b
0.25 4 & 7T 10 9 6 8 2 1 &