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ABSTRACT

This thesis presents the design and implementation of a practical closed-looped
visual servo system. The visual servo system is designed to address placement error of a
robot’s end-effector which is implemented in manufacturing. Real world factors in
manufacturing are involved in the design and implementation. It is widely acknowledged
that the placement error could be attributed to the connecting joints of a robot arms,
angular errors, geometric model, and/or camera projection model. Hence, it is necessary
to detect and then provide error information feedback to the robot. A common task for an
automated robot is to precisely move the end-effector to a target location to perform the
mission. The robot cannot recognize position error in many situations while moving the
end-effector. To cope with this problem, a feedback technique must be employed in order
to improve robot efficiency.

Closed-looped feedback is the most effective technique due to the detectability of

own position and target position. The detection of objects of interest leads to position



identification of the own and target position. The identification can be achieved by image
processing techniques which are also proposed in this thesis. Robot opens its eye (i.e.,
camera) to investigate the position and orientation (pose) of the own (i.e., end-effector’s
position) and target location (i.e., conductive test point on PCB). A pose correction vector
in world coordinates can be estimated so that the feedback can help the robot correct its
next movement. Brief theory, design and implementation of novel image processing
techniques are also described. In addition, novel feature detection of the own position and

target object are also described.
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CHAPTER 1

INTRODUCTION

This chapter presents an introduction to visual servoing, describing the motivation
and objective of this work. The content and organization of this thesis are also surmised.
Recently, visual servoing has been adopted to increase the overall accuracy of the robotic
system. Visual servoing is a useful feedback loop to the robot. The system enables the
robot a sense of vision on the workspace whilst the robot performs the tasks. Common
steps of visual servo are as follows; camera(s) acquires an image to feed to the image
processing units, the image processing units interprets meaningful features from the
image, vision information from the former interpretation becomes feedback information
to the robotic system. The steps are similar to the human eye(s) vision signals to the brain
that is then interpreted into control data for the hand(s). Many robotics that require high
imaging resolution may attach a camera to the end-effector so that the robot can visualize
the target object. The setup of the configured camera to the end-effector is called “eye-in-
hand configuration”. The eye-in-hand configuration is adopted throughout this thesis.
Basically, pixel coordinates are in two-dimensions (2D). To acknowledge a position in
world coordinates (3D), it needs to transform the 2D image and it’s coordinates into 3D
real world coordinates prior to commanding the hand (e.g., end-effector) to move towards
the target (e.g., test point). The position and orientation (pose) of the end-effector relative
to the test point are identified by the proposed visual servoing system. The pose
information is used to correct the position of the end-effector in the next movement.

Therefore, pose correction is one major topic described in this thesis.

1.1 Motivation and Objective
This work had initially been studied for the purpose of problem solving in regards
to robotic issues in manufacturing. The work was motivated to increase robot accuracy

(e.g., placement error of the end-effector) as the main issue, Fig. 1a. Mostly, the scope of



the error is small and can be observed by naked eye. The accuracy issues make the robot

operate with a low efficiency in servoing the end-effector to the target test point on PCB.
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Figure 1.1 Robot accuracy issue and the steps toward pose correction of the end-effector

Fig. 1.1 shows the robot accuracy issue and the steps toward pose correction by using the
proposed visual servo technique. The later chapters are intentionally described each step
(i.e., Fig.1a-1f) until the placement issue is corrected. These steps in this proposed visual-
servo are mainly consists of seeing and servoing. The seeing can be described in terms of
image processing techniques while the servoing can be described in terms of coordinates

transformation. The steps, Fig.1a-1f, are as follow:

1) The accuracy issue which is the placement error of the end-effector, Fig. 1a.
2) Find position of probe and endpoint of the end-effector (x.), Fig.1b.

3) Search for test point positioned near the probe, Fig.1c.

4) Select the nearest test point, Fig. 1d.



5) Report position of the endpoint (x¢) and the nearest test point (xg), Fig.1e.
6) Perform pose correction to move the end-effector to the estimated position

(pose estimation).

The issues have been addressed by implementing an off-the-shelf camera together
with practical solutions. Initially, behaviors of hardware are unknown and a measurement
to understand all the geometric parameters of a high resolution machine is prohibitively
expensive. Hence, a visual system, that is recognized, has been implemented since then.
Moreover, the limits of hardware and unevenness in the manufacturing process are
notoriously difficult and cannot be addressed by the hardware alone. Therefore, a vision
system is added to the machine for these reasons. The work is a result of design and
implementation of a visual servo using image processing techniques and machine vision
in order to address both the hardware limits and the unevenness issues.

Many of the digital image processing algorithms have been studied for decades but
real world applications are not yet fully included with those advanced techniques. In
manufacturing, visual servo is limited to employment within the tasks that operate in well
controlled environment. Complete automation of a robot employing a vision system will
be reliable if it can operate with recognized target objects. Any object can be recognized
by the preprogramming method (e.g., a training method). In many cases, visual servo that
incorporates advanced techniques will work inconsistently under various conditions (i.e.
environment changes). Certainly, the environment cannot be accurately controlled in all
cases. In such cases, the unreliability of the system leads to expensive costs during
operation due to maintenance, down time issues and technical services. Therefore, most
of the effective reliable robotics in any industrial manufacturing will be implemented for
routine tasks instead.

Currently, well calibrated machines can handle the tasks that require a high degree
of precision. With repeatability a commercial robot arm and actuator can achieve an error
of less than fifty micrometers. Mostly, high precision machines require calibration before
use. The actuator and motor will have been tested from its manufactured origin to
guarantee high accuracy. However, the errors are inevitable with the addition of

components to the hardware structure and/or wiring to the motor and end-effector, which



is widely practiced. In this work, a visual servo system is proposed to work as an
occasional feedback unit when the need arises instead of a full-time active unit. The
feedback unit will be activated when a machine error occurs. The implemented machine
is a four degree-of-freedom (4-DOF) robot. Practical design and implementation of a
visual servo system is the main focus of this thesis. The design and implementation are

proposed and described in later chapters.

1.2 Uneven Factors and Limitations of Existing Techniques

Every real world application has to contend with uneven factors, this fact directly
affects the design, work process and software structure planning. Even though proper
robot calibration improves accuracy, several parameters are often difficult to understand
and are inapplicable to the robot [1]-[2]. Therefore, uneven factors in the operational
process in manufacturing must be taken into account. The design and implementation has

to meet the requirements of real operation. The uneven factors occur when:

1) The camera optical axis changes because of a hardware adjustment.

2) The end-effector from the supplier is not identical to the previous one, as
observable from the discrepancies (in micro scale) of the acquired images.

3) The lighting conditions and glints are unpredictable since different units under
test (UUT) models possess different layouts of components on the PCB.

4) The end-effector axis changes due to head structure maintenance.

5) The replacement of the existing camera either with a current model or a newer
model occurs.

6) Hardware components reach the end of their lifespan.

1.3 Outline of the Doctoral Thesis

This thesis is organized into seven chapters. Most chapters contain a summary
section followed by sharing experience from the practical design and implementation. In
addition to this chapter, the remainder of this thesis is organized as follows:

Chapter 2 presents the literature reviews of the robotics for industrial

manufacturing. Visual servo control is also introduced. This chapter covers a rather



simple introduction to both current robotics for industrial usage and visual servo. This
chapter provides limited sub-topics that are relevant to the proposed visual servo control.

Chapter 3 presents coordinate transformations. This chapter focuses on the
transformation of 2D image coordinates to 3D robot coordinates. Workspace is assumed
to be planar and perpendicular to the X and Y axes. The robot is a single rigid body
moving arbitrarily in a 3D workspace.

Chapter 4 presents literature reviews of machine vision and image processing
techniques. The techniques include some traditional techniques and useful techniques
which will be adopted in the proposed visual servo system. The accuracy of the pattern
matching method in different environments is also discussed.

Chapter 5 presents feature extraction techniques. Implementing techniques as well
as their practicality to the problem due to uneven factors in manufacturing are discussed.
This chapter describes the extraction of image features, lines and center points out of the
interest objects. Novel detections of probe tips and test points are described in detail. This
chapter also proposes classification of test points on PCB. The center point of the test
point in the 2D image coordinates are identified accurately by the proposed techniques.

Chapter 6 presents a practical design and implementation of a visual calibration.
Pose estimation and pose correction are the main topics discussed in this chapter. This
chapter describes the design that has been found to function well in practice in the real
world environment of manufacturing. The visual servo loop does not operate full-time
actively; robot will sense failure from the end-effector and then trigger the visual servo
loop to literally look through a camera and re-position the end-effector with the use of
visual information discovered. Complete design and implementation of an automatic
calibration is also described. Chapters 5-6 have been introduced by showing constrains in
current manufacturing processes and solutions but not at this stage getting into details.

Chapter 7 the conclusion of this thesis and the remarks for future work are to be
discussed.

It should be noted that this work focuses on a real world design and
implementation of a position-based visual servo system. Hence, the thesis refers only
some background of related topics. This thesis aims to provide the explanation to the

main focus, which is the practical design and implementation of the visual servo system.



CHAPTER 2

ROBOTICS FOR INDUSTRIAL MANUFACTURING
AND VISUAL SERVO CONTROL

2.1 Introduction

This chapter begins by reviewing the prerequisite topics of robotics for industrial
manufacturing. Machine vision and visual servo are also included in the review. Robotics
has been widely employed in manufacturing and varying areas for many years. Recently,
automation in manufacturing has become a major area of investment. Robotic automation
is suitable for high volume manufacturing, product quality control, and increasing the
speed of which new products can be brought into the market. Standard robotics and the
subsequent solutions of the automated manufacturing process are continually developing.
In addition, the costs of the related hardware and software are decreasing respectively.
However, robots are unable to work constantly and consistently in many cases. Uneven
factors occupy the initial setup which is also mentioned in this thesis. The factors that
arise in robotics are the limited ability of robots to react to the changes that deviate from
the initial parameters. In chapter 1, the objectives and the motivation of this thesis are
also mentioned. In this chapter, the literature reviews of robotics for industrial

manufacturing, machine vision and visual servo control are briefly mentioned.

2.2 Robotics for Industrial Manufacturing

The industrial robot is defined by the terms that are relevant to manipulating
industrial robots operating in a manufacturing environment. The industrial robot is
defined as an automatically controlled, reprogrammable, multipurpose manipulator,
programmable in three or more axes, which may be either fixed in place or mobile for use
in industrial automation applications [3]. Typical applications of robots in an industrial
environment include welding, painting assembly, welding pick and place (e.g., palletizing
and SMT), product inspection and automated testing. Most effective robots are
preprogrammed for routine actions with predefined points in reference to position,
orientation and/or a series of coordinated paths. Some robots are programmed to be more



flexible into finding the best path (e.g., shortest path) and can automatically adjust the
gripper’s position and orientation to correctly grasp the target object. These robots often
contain machine vision in the form of their visual sensors. The vision system will be used
to adjust actions and perform the intended tasks according to any useful information
gained.

Recently, management would like to minimize operational labor costs. Robotics is
frequently considered to operate in all manufacturing areas that have routine tasks, high
production volumes and/or not a human friendly environment. Generally, standard (i.e.,
high cost) robots are the only reliable choice since they are well developed to suit the
tasks at hand. They certainly come with a very high cost and are unaffordable for
investment in many cases. Custom-made (i.e., low cost) robots are one very interesting
solution. Most successful custom-made robots would see the robot implemented for well-
defined tasks and implementing an unchanging process. One major drawback would be
that the time spent in development is certainly longer than that of configuring a standard
robot. However, it is valuable for the automatization of manufacturing despite the high
initial costs.

Table 2.1 Cost and activities required for the three approaches to manufacturing

Standard Custom-made Robotics
Manual Test _
Robatics (Proposal)
Acquisition Recruitment Benchmark, Purchase | Design, Development
Set up Training Configuration Fabrication
Sustaining mode Skilled Labor Maintenance Maintenance

Table 2.1 summarizes the three different approaches [4]. In terms of component cost, the
costs for custom-made robots are lower but the robot may suffer from uncertainty in
positioning accuracy for because of aforementioned reasons. This is the primary reason
that the visual feedback system and calibration technique is adopted to compensate for

the inaccuracies in the custom-made robotics. In addition, visual servo can monitor the



total machine error to alert the operator in order to undertake any preventive

maintenance.
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Figure 2.1 Typical robots used in industrial manufacturing



Fig. 2.1(a)-2.1(d) shows typical robots which have been employed commonly in
industrial manufacturing. Cartesian robot is a robot whose axes are prismatic and
coincident with a cartesian coordinator, Fig. 2.1(a). Scara robot is a robot which has two
parallel rotary joints travelling on a plane and another rigid actuator perpendicular to the
plane, Fig. 2.1(b). Parallel robot is a robot whose arm is formed from actuators and rotary
joints, Fig. 2.1(c). Articulated robot is a most common robot with at least three rotary
joints, Fig. 2.1(d).

2.3 Machine Vision

Machine Vision (MV) is defined shortly as the ability “to make robots see” [5].
Machine vision (MV) provides useful outputs from the acquisition and analysis of
images. The information gained must be reliable enough for robot guidance. General key
steps of MV includes: 1) acquire a suitable image 2) identify the object of interest in the
images 3) determine the object’s position and orientation in 2D image coordinates 4)
transform the 2D coordinates to robot or world coordinates 5) send the information to the
robot 6) use the information to instruct the robot to move to the proper position and

orientation [5].

2.4 Visual Servo Control Systems

An alternative to the increasing accuracy of robots is to adopt a visual-feedback
control. Visual servoing (VS) is a technique which uses feedback information extracted
from a vision sensor (i.e. camera in this thesis) to control the hand (i.e., end-effector) of a
robot. In this thesis, visual servo will get feedback information of placement of the end-
effector whilst a probe tip is attached to the end-effector. VS is the fusion of results from
many elemental areas including image processing, kinematics, dynamics and control
theory.

Visual servo control systems are mainly classified into two classes, image-based

visual servo systems and position-based visual servo systems [1] and [6].
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2.4.1 Image Based Visual Servo (IBVS)

An Image Based Visual Servo (IBVS) involves using information from the image
to directly control the degree of freedom (DOF) [7]. Fig. 2.2 shows structure of the IBVS.
The control algorithm is based on the error between current, f, and desired features, fg, on
the image plane. The algorithm does not involve any pose estimation of the target. The
features may be the coordinates of visual features (e.g., corners, holes, edges and lines) or
computed geometry coordinates according to the features (i.e., any structural feature that
can be extracted from image) of the present object [8] and [9]. Image-based allows
positioning errors to be determined, independent of robot or vision system calibration.

fa +
e, Eeciige spa{:e Joint Controller
The desired control law
posmon : End-affactor
The current
it Vi1 f Image feature
extraction Images

Figure 2.2 Image-based visual servo (IBVS) structure.

I3 — R
4 T Cartesian Joint Controller Camera
The desired control law
position \J End-effector
The current Joint angle sensors

position

cn b
X Pose estimation Image fegture
extraction Tmages

Figure 2.3 Position-based visual servo (PBVS) structure.
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Although the exact geometric error cannot be absolutely determined. However, IBVS is
possible to servo the robot end-effector by repeatedly executing image-based in a look-

and-move fashion until convergence occurs.
2.4.2 Position Based Visual Servo (PBVS)

Position-based visual servo (PBVS) is also known as Pose-Based visual servo
employing a model-based technique. Fig. 2.3 shows structure of the PBVS. The PBVS
involves the geometric interpretation of the information extracted from the camera.
Features of the object of interest are extracted in order to estimate the pose of the target in
respect to the parameters of the camera. Absolute position is a requirement that must be
known by the pose estimation before issuing a command to the robot controller. Loop of
feature extraction, pose estimation and robot servo may be repeated a multitude of times
until the kinematic error function is minimized. It is obviously shown that the image
features are extracted as well in PBVS, but are additionally used to estimated 3D
information in the Cartesian space. In contrast with Image-based, the controller still uses
position feedback from the robot’s joints separately from the visual feedback loop. In real
application, the robot servos in close proximity to the target and then estimates the pose
before servoing a final move. In comparison between the two systems, position-based
control from image-based. With position based the visual feedback is computed by
minimizing the kinematic errors in the estimated pose space. By comparison in image-
based servoving, control values are computed on the basis of image features directly.

A typical visual servo application would be to position an end-effector relative to
a target to perform a mission. In this thesis, an end-effector mounted with a camera is
employed to position an end-effector to a test point (i.e., conductive pad on PCB) for
injecting a test signal. Observing the end-effector directly through the camera makes it
possible to sense the pose errors. Information from the visual sensing is then used for
pose error correction at the next move. In general, there is no guarantee of the positioning
accuracy of the system unless control points can be observed. In this thesis, both the end-
effector and the target can be observed by proposed image processing techniques which
will be described in a later chapter. To emphasize this distinction, the systems that only

observe the target object are referred to as endpoint open-loop (EOL) systems and the
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systems that observe both the target object and the robot end-effector are referred as
endpoint closed-loop (ECL) systems. The ECL is emphasized and implemented in this

work.

2.5 Camera Configuration
Visual servo systems typically use one of two camera configurations, (1)
mounting a camera to the end-effector and (2) mount multiple cameras at fixed positions

in the workspace.
2.5.1 Eye-in-hand configuration

The end-effector mounted configuration is often called an eye-in-hand
configuration. This configuration has the camera mounted on the robot’s end-effector.
The relationship between the pose of the camera and the pose of the end-effector is

constant. The relative pose can be denoted as °x.. The pose of the target relative to the
camera frame is represented by °x,. The relationship between these poses is shown in Fig

2.4. Relevant coordinate frames are consisting of world, end-effector, camera and target

coordinates.

Figure 2.4 Relevant coordinate frames for end-effector mounted camera configuration
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Figure 2.5 Relevant coordinate frames for end-effector fixed camera configuration

2.5.2 Camera(s) Fixed in The Workspace Configuration

In this configuration, the camera(s) are fixed in the workspace. The camera(s) are
related to the base coordinate system of the body by °x_and to the object by °x,. The

relationship between these poses is shown in Fig 2.5. The camera image of the target is
independent from the motion of the robot. A camera is fixed to the body is most basic
example case. Hence, extrinsic parameters are constant. The parameters can be
established by using a camera calibration procedure. The end-effector may obstruct
camera view in some cases. To increase visibility of the camera, the camera can be fixed
to another movable part. Multiple cameras should also be considered for best view
selection. In addition, camera pan, tilt and zoom can be included in order to observe the

target object with the best possible view.

2.6 Conclusion

Certainly, custom-made robotics has it place in manufacturing. Custom robotics
may be suitable in many initial phases when moving from labor-based manufacturing to
automatized manufacturing. Specific routine tasks can be considered for replacement
with custom robotics. Investment in Research and Development (R&D) must be taken

into account. A high volume product with routine manufacturing tasks should be the first
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area to explore for the possibility of implementing a custom-made robot. Currently,
robotic components, actuator, high accuracy motors, software driver interface and
programming tools are ready like never before for development. The development
engineer can consider configuring the robotic components to serve specific requirements
of automated manufacturing. A simple Cartesian robot is a good start for many
applications also.

As result, management has been desired to move towards automated
manufacturing lately. Hence, Cartesian’s robots have been implemented for a number of
routine tasks. Low accuracy like automatic insertion is the very first opportunity of
simple robotics. Later on, higher precision robots are required to work in micro-scale.
Finally, visual servo is required and implemented for pose correction to the placement
error of the robot’s end-effector.

In this work, absolute position is required in order to perform pose correction.
Also, visual system requires close look to the target object (i.e., test point). Therefore, the
position-based visual servo with the eye-in-hand configuration are considered for this

work.



CHAPTER 3
ROBOT AND IMAGE COORDINATE SYSTEMS

3.1 Introduction
Visual servo system is mainly consists of the seeing and the servoing. To servo
(i.e., move) robot end-effector, the hardware controller requires an absolute position.
Often, reference positions are in different coordinates. Hence, coordinate systems and
their transformations are described in this chapter. A visual sensor (e.g., camera) detects
the object of interest which is located in a workspace. Information about the position of
the object is extracted from its image features. The interest position on image (i.e., pixel
coordinates) is still in image coordinates. Coordinate transformation is used to transform
the image coordinates to robot coordinates to enable further control. Hence,
transformation between image coordinates and robot coordinates is important and is
therefore emphasized in this chapter. The task space of the robot is represented by T. The
task space is a set of positions and orientations. Typically, a robot would be a single rigid
body moving in a three-dimensional workspace. The task space that is restricted to a
subspace of SE*can be written as [1]:
T =SE® =R*xS0° (3.1)

where %% is a pure translation and SO represents the rotations containing the coordinates
of each call to the feedback loop.

Typically, visual sensors supply information of the location of an object of
interest with respect to a camera frame, while the configuration used to locate the object
is specified with respect to a coordinate frame attached to the object. Notation of a

translation from original frame {y } to coordinate frame {x} in general form can be
written as:

P="x,'P="R,'P+, (3.2)

where an original point P with respect to coordinate frame x and y is denoted by *P and

YP. The rotation matrix that represents the orientation of frame y with respect to frame x is
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denoted by "R,. *t, represents the location of frame y to frame x. *x, represents both the

position and the orientation from the original frame to another frame.

3.2 Camera Projection Models

This sub-section provides understanding of geometric aspects of the imaging process.
The geometry and mathematics of the pinhole camera can explain projection from an

object in 3D world coordinates into 2D image coordinates, see Fig. 3.1.

view point

Figure 3.1 The geometry coordinate frame of camera projection

The pinhole camera model describes the mathematical relationship between the
coordinates of a 3D point, "P=P(x,y,z), and its projection onto the camera coordinate
frame, c. Therefore, coordinate transformation of the 3D point to 2D point, ‘P, can be

denoted as:
‘P="°x *P (3.3)

and

s {4
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while u=fX/Z and v=fX/Z. Fig. 3.1 shows geometry of projection of an object at *P(x,y, z)
to image plane “Q(u,v) while Z is referred to as the optical axis. An image plane is the

plane parallel to axes X and Y, where the 3D object is projected through the aperture of

the camera. The image plane is located at a distance of f behind the center of projection,
0. fis referred to as the focal length of the pinhole camera. World, P, coordinates can

be re-written in matrix multiplication form as:

, (3.4)

N < X
Il
o o -
o - o
— o o
o o o
~ N < X

Assuming that the 2D point is in homogeneous coordinates, divide through by the last

element
X
X F20C 00 NT=0Y O o
% |=(0 f 0]l0 1.0 0 5 D X=X X, Y=X0 X (3.5)
X, 0 0 1/{0 010 y

To produce a complete perspective projection, camera intrinsic and camera extrinsic

parameters must be considered. All the intrinsic parameters can be written in a matrix K

as:
f IO Y & f. 0 c
K= 0 fis ¢, =0 1 ¢ | (3.6)
0 0 1 Y S -

where sy, and sy is the size of a pixel in mm. Location ¢, and c, is optical center of the

image. Alternatively, fy and fy in pixels can be used. Eg. 3.5 can be rewritten as:

C

X
X, 100 0) |
X |=K|[o 1 00| | (3.7)
X, 0010 |7
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3.3 Transformations between World 3D to Image 2D Coordinates

To transform 3D points in world coordinates, P, to camera coordinates, P, the

transformation can be expressed as:

C C

CP:CHWWP: R\N t\/\/ WP, (3.8)
0 1

where H represents a single transformation homogenous matrix which consists of rotation

R and translation t. The terms rotation, R, and translation, t, can be written in the form of

the extrinsic camera matrix, Meyt, as:
M., :(CR\N th): 1 T Ty |, (3.9)

where ri1, ri2 ris,..., sz are elements of general rotation matrix. Hence, Eq. 3.7 can be
rewritten to complete perspective projection. Now, a 3D world coordinate (i.e., "VP) is

projected to a point in pixel image (Xim, Yim)-

RN S
I
=
<

: (3.10)

ext

> X
o5

_ N < X

where Xin=X1/ X3 and Yin=X2/ X3. The pose of frame {B} with respect to frame {A} is

described by rotation vector R and translation vector t. When R is rotation 3x3 matrix
that represents 3 angles. The matrix can be obtained from these three elemental rotations

using matrix multiplication.

R=R, R, R, =1y T Ty (3.11)
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The first rotation is the rotation about the X axis, from frame {A} to {B}.

Bx 1 0 0 Ax 1 0 0
°y|=|0 cosf, —sinb || "y |; R, =|0 cost, -sind, |, (3.12)
°z) \0 cos®, cosd, )| "z 0 cosd, cosé,

Rotation about the Y axis from frame {A} to {B} can be written as

®x) (cosd, 0 sing, \[ "x cosd, 0 siné,
S r27) .05 LA S TR L A S e 0 (3.13)
°z) {-sind, 0 cosd, )| *z —sing, 0 cosé,

Rotation about the Z axis from frame {A} to {B} can be written as

x| (cos®, -sing, O)f *x cos@, -sing, 0
°y |=|sing, cosh, 0| "y|; R, =|sing, cosd, 0], (3.14)
R\ 0 I\CIN 0 0 1

The direction of rotation, the rotation of a unit vector about an axis follows the right hand
rule. Fig. 3.2 illustrates the rotation of a unit vector, Fig. 3.2a, around each axis, Fig3.2b-
Fig.3.2d. The three rotations matrix can be concatenated to yield a single 3x3 general
rotation matrix, R=RzRyRx.
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(c) Unit vector rotated about the Y axis (d) unit vector rotated about the Z axis

Figure 3.2 Rotation around an axis of interest follows the right hand rule

Rotational transformation of frame {A} to frame {B} can be represented by

Ra=[Tn Ty T, (3.14)

A vector in frame {A} can be rotated to obtain its representation in frame {B}

Bv="°R,", (3.15)
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As in the rotation in 2D coordinates, rotation matrices are orthonormal so the inverse of a

rotation is just its transpose
(BR )71 =°R, v (3.16)
A - A ! '

The elements of R are the projections of unit vectors from one frame onto the unit
vectors of the other frame. So the columns of R are the unit vectors of A, expressed in

the B frame

(R =((*%)(*92)(°2u)) = | (4557 | (3.17)

Similar to Eq. 3.2, transformation of a point ®P from coordinate frame {B} to frame {A}

can be expressed in terms of R,t as
AP ="x, 5P = "R, P+ ", (3.18)
The rotation followed by a translation can be written in rigid transformation as

(pix IR WP, (3.19)

AP
ip

{B}
A}

Figure 3.3 Illustration of transformation from one frame, {A}, to another, {B}
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Fig. 3.3 depicts a rotation followed by translation from one frame to another. The rigid

transformation matrix can be represented by a single 4x4 homogeneous transformation

matrix as
hh I g X
r, I, b, V
BRA — 21 22 23 0 , (320)
r.31 r.32 I’33 ZO
0O 0 0 1
Therefore
AP="x, PP =R, ®P + A, = *H, °P (3.21)

The matrix inverse is the inverse transformation

He =(°H, ) (3.22)

The transformation can be written in the form, Ax=Db, where

£y 10
SR R [GE (AR
: S :
A=  X=[ | b= , (3.23)
. t, .
WX 0 4w

Typically, a camera of the eye-in-hand system is not configured to be orthogonal to the
target object plane. Fig. 3.4 show the camera setup which is orthogonal to a target object
shown in Fig. 3.5. However, orthophoto can be regenerated using a 2D rigid
transformation. Assuming no lens distortion, measurement of the distance of the object of
interest on orthophoto can be considered in linear scale. Hence, orthophoto regeneration

is a method employed for many applications.
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Figure 3.4 Example of a camera setup and its geometry for orthophoto

Figure 3.5 An acquired orthophoto of a grid object at 40003000 pixels resolution

From basic geometry of the above camera (i.e., Finepix S200EXR) setup, The angle of
view can be calculated from B =2tan™((T, /Z)(V, /U, )) when T, is the width in mm of

the target object (i.c., grid paper’s width), Z is the distance between the camera and the
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target object, V, is the image width in pixels and Uy, is the object size in pixels. Roughly,

the horizontal frame of view, g, is about 56.26 degrees. In the same way, the angle of the

vertical frame of view, «, will be 43.4 degrees.

sensor < f

L=105¢cm ———— =,

Figure 3.6 Geometry of the object projection and camera view

The camera geometry as seen in the above picture (Fig. 3.6) mimics a typical setup of the
eye-in-hand configuration. Mostly the optical axis of the eye-in-hand configuration is not
perpendicular to the object plane. Therefore, the acquired image will become perspective
(non-orthophoto) on image coordinates. Fig. 3.7 shows example image acquired by the

camera setup in Fig. 3.6. Using basic trigonometry, the camera angle can be written as:

a=2tan‘1(:

where d represents size of the camera sensor in the measured direction. For example
most of the sensors are a rectangular shape, the size in pixels is horizontal,d, , and

1 Yy

vertical ,d, , can be used to obtain the horizontal and vertical angles.
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Figure 3.7 Original perspective image taken by the camera setup

Figure 3.8 Orthophoto after coordinate transformation

Fig. 3.8 shows the orthophoto after regeneration by using coordinate transformation. In
Eq. 3.8 world coordinates, /P, can be replaced with model coordinates, P, and become
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P—KM,"PoK(R, )" 3.24)

where MP, is a set of coordinates in 3D of a target known model, and p is a set of

coordinates on image.

Figure 3.9 Example: A 6 coordinates on an experimental model

The set points on the model in Fig. 3.9 can be constructed as

X, X, X,) (0003 0 0 3
Y, Y, .. Y. | {11 3011 30

“p=| * 7 ° = , (3.25)
Z, 7, .. Z, 9 2 2 2
1 1 1 1 1 11

where ¢, and ¢, are 2000 and 1500 respectively, found at the center location of the image
4000x3000 pixel resolution. From the geometry model of the camera view, Fig. 3.6, the

focal length f and f, can be written as:
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¢ 2000
o= X = ~ 5026, |
" tan((p/2)(x/180)) tan((56.2/2)(x /180)) (3.26)
and
- 100 ~ 2806, (3.27)

= tan((/ 2)(7 /180)) ~ tan((43.4/2) (7 /180))

Then, the intrinsic matrix K can be constructed as

f 0 c) (5026 0 2000
K= 0 f, ¢ |=| 0 2806 1500, (3.28)
00 1 ) 2N 7/ ol

Then, construct extrinsic, M, ., matrix using Eq. 3.11 throughout Eqg. 3.14.

ext !

f, L, r, t.) (07403 -0.6702 -0.0535 4.2125
Mo =(Ry t,)=| T T, 10y t, |=[-0.2788 -0.2336 -0.9315 67617 ||  (3.29)
L, f, r, t,) (06118 07045 -0.3598 23.6748

where 6,,6,,0,, t, t, and t, are 2.04,-0.65,-0.36,4.21,6.76 and 23.67 respectively. They

x1 Yy 1Yz
are obtained through an estimation method (i.e., the Jacobian iterative estimation) which

will be describped in an appendix section. Finally, projected points,

p=KM_ "P= K(CRW CtW)MP, from model onto the image will be

o

5026 0 2000) 0.7403 -0.6702 -0.0535 4.2125
p=| 0 2806 1500 | -0.2788 -0.2336 -0.9315 6.7617
0 0 1 0.6118 0.7045 -0.3598 23.6748
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38073 53747 74457 44992 60666 81375
=| 21212 22151 21053 57760 58700 57601 (3.30)
28.18 2254 2227 30.70 25.06 24.79

where Xim=X1/ X3 and yin=Xo/ X3. Therefore, the final projected point on image of the first
point, by way of this example, is (38073/28.18,21212/28.18)=(1360,753). Fig. 3.10

shows the six projected points on the image model.

Figure 3.10 Final projected points on image

3.4 Conclusion

Complete transformations between 3D to 2D coordinates can be achievable when
all geometric parameters are known. Most of transformations described in this chapter
can be used with the proposed work. In practice, it is unnecessary to know all of the
geometry parameters (i.e., intrinsic and extrinsic parameters). Actually, measurement to
read all of the geometry parameters is not particularly practical and often expensive. In
addition, the parameters would change to unknown anyway after any adjustment of the
hardware during setup and/or maintenance. Hence, the fixed parameters will be

effectively utilized for the transformations of the hardware which has no change to its
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structure. In this work, most of the transformations were applicable at the beginning after
finishing all the hardware setup only. Therefore, the parameters which has chance to
change (e.g., camera parameters) will require replacement with a more practical method.
The method is required for solutions to this problem in regards to the real world
applications of robotics. The practical method that is required needs proper planning and

support from both hardware design and software design.



CHAPTER 4
MACHINE VISION AND IMAGE PROCESSING

TECHNIQUES

4.1 Introduction

This chapter describes machine vision towards a number of image processing
techniques which are essential to the seeing of the proposed position-based visual servo
system (PBVS). The main purposes of machine vision are automatic inspection and
machine guidance. In the proposed PBVS, machine vision recognizes target objects on a
two-dimensional image and then estimates error distance and orientation. Then, pose
correction can be made later by using the relative position of the current robot and the
position of the target object. A machine vision system is an application used in image
processing to create a model of the real world from images. Most image processing
techniques involve the analysis of the intensities or gray levels of pixels with respect to
their position in the image, there are many techniques which may be appropriate for

different tasks. This chapter reviews a number of classical techniques.

4.2Machine Vision

A machine vision system recovers useful information about a scene from its two-
dimensional projections. The recovered information is not directly available and must be
mapped into a three-dimensional world by using knowledge of the objects in the scene
and projection geometry. Machine vision is widely practiced in various applications. The
primary uses for machine vision in industrial applications are for robot guidance and
automatic inspection. Usually, image processing would transform images into other
images. Machine vision employs image processing techniques to extract the required
information and then make decisions such as which objects to select as the target object
under tracking including relative geometry information between the robot and the target
object [12].
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4.3 Image Processing Techniques

This section briefly reviews image processing techniques that are fundamental to a
typical machine vision application(s) [12-16]. Most of the reviewed techniques are

integrated into the proposed visual system.
4.3.1 Intensity Transformations and Spatial Filtering

The term spatial domain refers to the image plane itself. It relies on the analysis of
pixels according to their position in the image. Two main categories of spatial domain
processing are intensity transformations and spatial filtering. The processes are denoted

as.

g% y)=T[f(xy)] (4.1)

where f(x,y) is the source image, g(x,y) is the processed image. T is an operator on f at
corresponding location (x,y) in the images. Gamma correction is an example of a point
operation. The gamma specifies the shape of the curve that maps the intensity values in f
to create g. If the gamma is less than 1, the mapping is weighted towards higher output
values to enhance the contrast of high intensities. If gamma is greater than 1, the mapping
Is weighted towards lower output values to enhance the contrast of low intensities. s=f(r)
represents point operations, it maps input pixel value r to output value s. Fig. 4.1 shows
output of image after applying with different gamma value. In practice, gamma may be

adjusted within a range to find if edge and line can be promoted in the acquired image.

Instead of transforming a single pixel with an intensity value to a new value,
spatial filtering considers the value of neighborhood. It is termed neighborhood
processing or spatial convolution. The process consists of moving the center of the mask
w with size mxn from point to point in an image, f, with image size MxN, while the mask
and image indexing start from 0. At each point (x,y), the sum of products of the mask
coefficients with corresponding pixels under the mask, the mask is then slid over the
image and operation of the sum of products is repeated to produce an output image g(x,y).
This is also called a cross-correlation where the mask is flipped both horizontally and

vertically.
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m/2 n/2

g y)= > D wstf(x+s,y+t), (4.2)

s=-m/2 t=-n/2
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(@) Original image, gamma=1 (b) Output image using gamma<1 (0.36)

(c) Output image using gamma>1 (1.6)

Figure 4.1 Intensity transformations with different gamma values

In spatial filtering, convolution with averaging filter is most commonly used for reducing
noises. However, expanding the size of the filter mask will result in blurring of the image,
Fig. 4.2(b)-(c). The mask can be customized according to the objective of the filtering
operation. Instead of smoothing pixels, a pixel can be highlighted by giving the central
element of the mask a larger value than the sum of all its neighbors, Fig. 4.2(d). The
mask is [-1 -1 -1;-1 10 -1;-1 -1 -1], for this example. This highlighting technique is

adopted to sharpen the edges of an object in gray scale image before finding their edges.
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Figure 4.2 Image smoothing results (a) The original image (b)-(c) The results of

smoothing with square averaging filter masks of sizes 3x3 and 7x7 respectively.

(d) The result of smoothing with a custom-mask.
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4.3.2 Intensity Thresholding Techniques

Intensity thresholding can be used to convert a grayscale image to binary images.
The thresholding is a most straightforward image processing operation. It is the simplest
method of image segmentation. Generally, the segmentation is to separate objects from
their background. Thresholding is defined by two parameters; Lower Threshold and
Upper Threshold. All pixels that have gray-level values equal to or greater than the
Lower Threshold and equal to or smaller than the Upper Threshold are assigned as pixels

belonging to particles [12],[15].
4.3.2.1 Manual or Fixed Thresholding

The operation converts an image |, with a predetermined threshold t to a new image I;

and can be denoted for an image size X X Y as:

§ 1, Io(x,y)zt
0, Io(x,y)<t

1.(X, ) xe{04..,X-1},ye{01..,Y -1 4.3

Fig. 4.3(a)-4.3(b) shows a cropped PCB in grayscale and its histogram respectively. Fig.
4.3(c)-4.3(d) shows binary images which are the result of the thresholding iteration with
thresholding parameters of [50, 255] and [125, 255] respectively. The image histogram
shows clearly regions of brighter particles which maostly are conductive copper (i.e., test
point and lead) and also the white labels which are of the same size as the test points are.
The binary image of lower t value will preserve information of target particles but the
particle area will potentially be connected to a neighbor (Fig. 4.3(c)) while a higher t
value can perform better object segmentation but it causes lost particle information under
interest (Fig. 4.3(d)).
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(c) Binary image with t=50 (d) Binary image with t=125

Figure 4.3 Original gray image and binarization with a fixed thresholding operation

4.3.2.2 Automatic Thresholding

In contrast to manual thresholding, automatic methods do not require the setting
of the lower and upper values. Instead, the automatic techniques are adaptive or dynamic.
They are well suited for conditions in which the light intensity varies. The varying
intensity causes problems in segmenting an image into particle and background regions,
the boundaries are not easily distinguished. The algorithms for thresholding to obtain
binary images can be generalized to more than two levels. Automatic thresholding is
more suitable in different applications. In thought cases, images require enhancement by
preprocessing steps first before thresholding. Then, morphogy techniques can help to

separate particles in the binary image after binarization by the thresholding.
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Clustering is the most frequently used and general-purpose threshold method.
Even though, certain algorithm hard-coded in NI clustering is not revealed. Among
clustering methods, the Otsu method is one of the most referenced [17],[22].
Thresholding values calculated by NI's and Otsu’s method are mostly the same. Hence,

Otsu clustering is highlighted for further explanation.

Let L represent gray level [0,1,2,...,L-1] when L is 256 for 8 bit grayscale. n; and
N is the number of pixels at level i and total number of pixels respectively. The

histogram of the gray-level can be normalized as probability distribution as:

n
p=—, piZO,Zpi=1 (4'4)
N =
Kk
ok)=2p, (4.5)
i=1
k -
uk)=Yip (4.6)
i=1
and
L -
= u(L) =Z|pi (4.7)
i=1
k) — (k)"
52 () = )= 1) 48)
o(k)(1- (k)
and subsequently the final optimal threshold level is
o5 (k') =maxa} (k) (4.9)
The threshold level can be scaled to the range [0, 1] as
201, _
T, =201 (4.10)

otsu L -1
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Fig. 4.4(a) is an example histogram of a gray image with size 67x67 pixels. Therefore,
total pixels, N, are 4489, while n; are in form of histogram of the image intensity. Then, p;

is the histogram by the N=4489 constructing an array of L elements, where @(k) and
(k) represents zeroth and the first-order cumulative moments of p; up to kth level
respectively. g, is the last element of the cumulative sum of p; multiplied by i

[1,2,3,....L].

3500 T
4 maximum
.

3000~

2500

2000 -

-

1500 1~

sigma b square

1000 1~

500 -

0 r : e : :
0 50 100 150 200 250 300
Intensity level [0-255] _

(c) (d)

Figure 4.4 Optimum thresholding out of a gray-level histogram using Otsu’s method (a)

Source Image (b) Histogram of the gray image (c) o3 (k) versus gray-level (d)

Output image after binarization using the Otsu’s thresholding value
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o’ (k*)=3283 is function of threshold and maximized at the threshold at k*=165 in gray
scale, Fig.4.5(c). T,, =0.6431 is the optimum threshold that lies in the range [0-1]. The

threshold 165 is located at the valley of histogram. Lastly, gray image can be converted
to binary using the threshold value, Fig. 4.5(d).

4.3.3 Binary Morphological Techniques

Binary morphology changes the shape and boundary of particles in a given binary
image. The binary images may contain unwanted information, such as noise particles,
particles touching boundaries of each other. Morphological functions can improve binary
images by removing these unwanted particles. The two most common morphological
operations are that of dilation and erosion. The binary image and structuring element are
represented as the points set, P and S respectively. Dilation combines the two sets (i.e., P
and S) by using vector addition. The most common structuring element is a 3x3 matrix

containing value of 1.

Structuring Element, S Source Image Transform Image
0 T 2110
=l | P AN
0 1 /%0
4 neighboring pixels new Pp.

Figure 4.5 Illustrating the use of a 3x3 structuring element on a morphological function

The morphology operations are performed with a structuring mask, S, in Fig. 4.5, which
is like a filter mask. Fig. 4.5 illustrates a morphological transformation using an S to alter
a pixel Py and its neighboring pixels to become new Py. The primary morphology
functions include three fundamental binary morphological functions; erosion, dilation,
and hit-miss. An erosion eliminates pixels isolated in the background and erodes the
contour of particles according to the template defined by the S. A dilation eliminates tiny
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holes isolated in particles and expands the particle contours according to the template
defined by S. Opening function is an erosion followed by a dilation. It removes small
particles and smoothes boundaries. Closing function is a dilation followed by erosion.
This function fills tiny holes and smoothes boundaries. Hit-Miss function locates a
particular shape or patterns of pixels. Thining function eliminates pixels located in a
neighborhood matching a structuring element, S. Thickening function adds to P those
pixels located in a neighborhood that matches S. Border function removes particles that
touch the border of the image. Hole filling function fills the holes within particles. Fig.

4.6 shows output of each morphology operation.
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Figure 4.6 Processed images using different Morphological methods
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Often, more than one morphological method is applied in sequence according to the
source image and desired output before particle analysis. Fig. 4.7 shows a desired output
(e.g. circle detection) which requires a combination of multiple morphological steps;
Binarization, Hole-filling, Dilation/Erosion and Hit-Miss (circle detection).

o
a¥% n
A RO WK

(c) Another binary source image (d) Circle detection, r=15-25 pixels

Figure 4.7 Result of multiple morphological steps for circles detection

4.3.4 Edge Detection

Edge is a point in the image where intensities are changing rapidly between

adjacent pixels. Location 4 in Fig. 4.8 represents the rapid change of the intensities. The
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point location (x,y) is called Edge location. The location can be computed with subpixel
precision by using an interpolating function. Edge detection finds the edges along a line

which is composed of a set of pixels.

Gray Level
Intensities
A
J\
A )
@
» Search
Direction
(4/\
1 Grayscale Profile 3 Edge Strength
2 Edge Length 4 Edge Location

Figure 4.8 Edge model for edge characterization

Characteristics of the intensity changes can be determined for more accurate detection.
Edge strength defines the edge contrast which is the minimum difference in grayscale
value between the background and the edge. Edge length defines maximum distance in

which the desired grayscale difference between the edge and the background must occur.

The intensity changes can be defined by the first derivative of pixel intensity

function, f, when f is a one dimensional intensity profile.

—=Ilim

df f(x+e)=f(x)
dX e—>0 & '

(4.4)
The change of position in image cannot get smaller than 1. Hence, Eq. 4.4 and Eq. 4.5

can be re-written with the first and second derivatives as:

%:z f(x+2)— f(x), (4.5)
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o°f = f(x+1) -2 (X)+(f(x-1), (4.6)

X2

The derivative for two dimensional operators can be defined as:

5 -1 0 +1 5 -1 -2 -1
zea— -2 0 +2]|and Gy:a_ 0 0 0| forxandy direction respectively.
X -1 0 +1 X +1 +2 +1

The operator above is most commonly called Sobel operators or Sobel filter masks. Table
4.1 concludes other common masks of edge operators. The Roberts mask are designed to
respond to the edges running at 45 while other masks shown in the table respond to the

edges running vertically and horizontally.

Table 4.1 Most common masks of edge operators

(@) Roberts 2x2 operator

0 1 1 0
R = R&
-1 0 N~

(b) Sobel 3x3 operator

S s JY 1
8.5 290, 2 s,=|0 0 0
101 1 -2 -1

(c) Prewitt 3x3 operator

101 11 1
P=|-101 P,={0 0 0
101 1 -1 -1

The resulting gradient approximations of rows x and columns y can be combined to give

the gradient magnitude, G, as
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G =|Vf|= (%j +(%j =G +G!, 4.7)

The gradient magnitude peaks at the locations of the edges in the image. Hence, the edges

can be positioned.
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(a) Gray-level source image  (b) Sobel filtered image using gray image as source
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(c) Binary source image (d) Sobel filtered image using binary image as source

Figure 4.9 Example of filtering source images using Sobel masks

The above derivative operator gives gradient magnitude at each pixel whilst the edge
point has not yet been identified. Hence, it needs to apply an analysis to the intensity
profile under interest in order to determine the edge point (x,y). Fig. 4.10 shows an
example of a line profile analysis, a line is drawn from the start point, (6,30), to the end
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point, (214,30). There are 209 pixels along the line. All edges (i.e., 10 ) consist of raising
edges and falling edges. Minimum edge strength is defined at 100 with bilinear

interpolation.

First dervative

. . . . . \ . . . .
0 20 40 60 80 100 120 140 160 180 200
pixel position

(@) Gray-level source image (b) Intensity profile and edges position

Figure 4.10 Example of intensity profile analysis

4.3.5 Pattern Matching

The pattern matching algorithm is mathematically based on the cross correlation
function on a gray image. Cross correlation is a measure of similarity of two sub-pixels.
It is commonly used for recognizing objects. In most applications, the known sub-image,
w, (i.e., template) will be prepared prior in order that it may be compared with the sub-

pixels in the acquired image to determine the region and orientation of most similarity.

L-1 K-1

CG,j)= ZW(X, y)f(x+i,y+J), (4.8)

x=0

~<

where w(x,y) is a sub-image (golden template) of the size KxL; f(x,y) is the original
image of the size MxN where K<M and L<N. C indicates the matching coefficient
value at the pixel position (i,j) where w best matches f .
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y | XY

Figure 4.11 Geometric location of an interested object

Fig. 4.11 shows geometric location of an object of interest. Basic cross correlation
function is sensitive to the amplitude of gray level changes. Therefore, the cross
correlation in normalized form is used to stabilize the amplitude changes. Hence, better
precision of correlation can be obtained by subtracting off means so called normalized
correlation. The normalized cross-correlation (NCC) can be expressed as:

> 3 Wk, y) - W) (f (x-+iy+ )= TG, )
R(i’j): L1 K- TR L L1 K-1 12 (4.9)
{ (w(x,y)—v‘v)} [ > (1 Gk y+ )= G )

In Eq. (4.9) w denotes the mean value of intensity of the pixels in the golden template w.
In the same way, f is the mean value of the pixels in the region coincident with the

location of w. R is correlation coefficient which lies in the range -1 to 1. In NI Vision, the
best matched is scaled to score between 0 and 1000. Where, 1000 represents a perfect
similarity between the sub-image and the template. Fig. 4.12 shows example result of
pattern matching. In practice of this work, pattern matching is adopted to locate the
region of interest in the image. Then, the pixels in the matched region will require further

analysis in order to get better accuracy for the object identification.
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Figure 4.12 Result of Pattern Matching using Normalized Cross-Correlation

A common set of processing steps for pattern matching consist of; image acquisition,
convert source image to grayscale image, image smoothing by spatial filters, and then
perform pattern matching. The background pixels behind the object under interest can be
ignored for a more accurate matching in pattern matching tools. Apart from similarity in
the scaled-score, most of pattern matching tools also report; position, orientation and

multiple instances of the pattern in the image.

4.4Conclusion

This chapter reviews a number of common image processing techniques, providing
the brief background to each technique with examples. Most of the introduced examples
are adopted in the proposed visual servo system. A common process of image processing
consists of; image acquisition, preprocessing of a grayscale image (i.e., image smoothing
or filtering), object segmentation by an intensity thresholding, morphological techniques
and object interpretation. Often, feature, line, edge and point analysis are applied to
grayscale image. Although some of the important techniques are not included in this
chapter.



CHAPTER S
FEATURE EXTRACTION: PROBE TIP ENDPOINT

AND TEST POINT IDENTIFICATION

5.1Introduction

This chapter provides details on the image feature extractions. The features of probe
tip and test point are focused as the target objects for further identification. The solutions
of the feature extraction are implemented in the proposed visual feedback. The discussed
solutions aim to solve vision issues of the implemented robot application. The visual
servo can be categorized as the Position-Based Visual Servo (PBVS) as described in
chapter 2. Fig.5.1 shows the general workflow of the PBVS. The visual servo is

integrated into an automated test system as depicted in Fig. 5.2 [18-20].

Most automated testers used in manufacturing require reliability and exactness. Many
of today’s commercialized visual machines work only under a controlled environment
with a limited number of target objects for its vision system. In contrast, the target objects
for visual detection (i.e., test point on PCB) cannot be completely categorized because of
the fact that there is no clearly defined specification existing for carrying out feature
extraction. It is not cost-effective to designate part of the PCB footprint as the test point
separately from the main design to accommodate visual sensing. As a result, various

kinds of test points have been implanted into PCB industrial design.

o~ () Cartesian Joint Controller Camera 1
The desired control law - J
F siion ) Th t ' End-effector
b Joint angle sensors Robot

position

cn

X

~

Image feature

Pose estimation .
extraction Images

Figure 5.1 The structure of a position-based visual servo (PBVS).
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5.2Visual Closed-Loop for Solving Robotic Issues in Manufacturing

The proposed PBVS is applied to be a feedback loop of a Cartesian robot that servos
an end-effector to the test point on PCB. The problem with the robot is sometimes can
incorrectly place the end-effector in relation to the target (i.e., test point) on a printed
circuit board (PCB). Therefore, a correction of the end-effector placement is required.

Visual servo has been designed for the pose correction of the end-effector.

1
' !
| 1
Convert Define Test Mark | Pose Target
- N . ! L 1
ScipEiR CAD File Net(s) Fiducial - [T| Control TRQot Object 1
e !
Load CAD Extract | | Inject Test |
File Point Info ! ! Signal 1
: : Pose feedback - |
i 1 1 !
1 1 Y :
1
| Pose 3 | Features Camera !
1 | Estimation Extraction ﬂ Acquisition :
1
; !

Figure 5.2 System workflow of an implemented PBVS for a Cartesian robot.

The system workflow is depicted in Fig. 5.2, a visual servo is integrated into an
automated tester. First, an operator loads the Unit Under Test (UUT) into the tester. The
software program extracts test points and plots in the memory the coordinates of the test
points. The operator selects the nets (i.e., test points) to test and defines the test method
for each test point. The operator guides the robot to three fiducial points. The robot
servos the probe to the first point and with relative distance refers to the selected fiducial
points. Then, the robot inserts the test signal. The computer software collects the test
results for further analysis. Nevertheless, the robot opens its eye (i.e., camera) to
investigate the pose if it senses an abnormal signal, which is potentially caused by an

open circuit because the probe tip does not properly touch the conductive pad.

Since the visual servo mimics the human sense of vision, the feedback loop is
activated when a machine error occurs. The proposed feedback loop tracks both the target

object and the robot’s end-effector. Target objects are test points which are mostly
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connective pads on PCB. The end-effector is a pin probe that has a needle end. The probe
is attached with the rigid body of the Cartesian robot. In the next section the algorithm for

identification of the probe will be introduced.

5.3Probe Tip Endpoint Identification

The body of probe can be easily identified by using pattern matching. Fig. 5.3 shows
the geometry of the probe, body and its end. Identification of its endpoint solicits more
effort as it requires a custom algorithm. At a robot position, the loop acquires two images
using the white light to allow extraction of the probe tip endpoint, x., and then the red
light for the test point, Xg, identification.

1 1

p— i ] "
l-r—l"."mm% FZB.EM _—— - -

52.5mm

(@) Size of Pogo Probe Tip

e

(b) Tip-end, needle type  (c) Compare size of the probe with a coin

Figure 5.3 Pogo pin specifications
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Figure 5.4 Image processing steps toward identifying the endpoint of the probe
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Figure 5.5 Images acquired with different light color (a) red light (b) white light
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Fig. 5.4 shows processing steps of tip’s endpoint detection starting from acquiring image
towards geometry analysis. The steps are: (1) Once the visual servo is triggered, the
software instructs the controller to turn on white light and then acquire an image, (2) the
acquired image is pre-processed using preprocessing techniques described in chapter 4,
the output is gray image at this step, (3) pattern matching using normalized cross-
correlation function, (4) edge of object of interest is highlight at pose-processing, (5)
extract edge and line out of the gray image, (6) geometry of the detected edges and lines
are analyzed. The final output is the position of tip’s endpoint in image coordinates.
White light and red light are used while acquiring the image which will be used for the

endpoint extraction and test point extraction respectively [21].
5.3.1 Image acquisition

Target object from the camera view can be highlighted by proper reflection of the
light source. An appropriate light source with correct position enhances edge visibility
and contrast between the object under interest and the background [21]. Pogo pin probe is
made of metal which normally does not absorb light. The probe reflects light in all
directions. Hence, white light is turned on at this step of image acquisition using a
Logitech camera (model C600). In the implemented process, the sources of red and white
light are switched by a controller for acquisitions of test point and pin probe respectively.
Fig. 5.5(a)-(b) show the images which are acquired with red light and white light

respectively.
5.3.2 Image pre-processing

The original color image, Fig. 5.6(a), is converted to a gray scale image, Fig.
5.6(b). Often, images are corrupted by random variations in intensity values. Some
common types of noise are salt and pepper noise, impulse noise, and Gaussian noise. The
converted gray image is smoothed by pre-processing (i.e., median filtering) to have the
gray image with low noise for further pixel analysis. A filter size, 7x7, is applied as the
median filter parameter, Fig. 5.6(c). Median filters are very effective in removing the
typical noises (e.g., salt and pepper noise) while preserving image details (i.e., edges are

minimally degraded).
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Figure 5.6 Result of image processing steps (a) original image cropped near interest

region (b) gray image (c) pre-processed image (d) pattern matching (e)-(f)

edges detection

A median filter which is the simplest nonlinear filter which can be denoted as:

g(i, j)=_med {f(x+u,y+v)j, (5.1)

where the median is calculated over a (2k+1) x (2k+1) window. The window is equal in
size to the filter.
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5.3.3 Pattern matching

Pattern matching algorithms are mathematically based on the cross correlation

function on the gray image, as described in chapter 4.
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Figure 5.7 Results of Pattern Matching with different scores, (a) Template image
220x116 pixels (b) 847.97 match (c) 855.40 match and (d) 851.69 match

where w(x,y) is a golden template of the size KxL; f(x,y) is the original image of the size
MxN where K <Mand L<N. C indicates the matching coefficient value at pixel position
(i,j) wherew best matches the gray image f, in Eq. 5.2. While R(i,j) , in Eqg. 5.3,

represents the correlation coefficient in moralized form. The normalized correlation
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results give better precision of the best match against variation of the amplitude changes

of intensity level in the original gray image f .

5.3.4 Image post-processing

Frequently, a suitable gray image for the cross correlation may not be suitable for
the edge and line detection algorithms. Thus, post processing is applied to the gray image
to enhance the interested detail in the image in order for it to stand out for easier
detection. In this example case, edge and line are interested for further geometry analysis.
Hence, a convolution function with kernel 3x3 is applied to highlight the bright and dark

objects in the image to facilitate the edge and line detection.

h4 h3 h2 s 51
R A W 340 =i
h6 h7 h8 Sy N —

Figure 5.8 Convolution filter mask for intensity highlight

Fig. 5.8 shows a convolution filter mask for intensity highlight. The filtered value of a
pixel is a linear weighted combination of its original value and the values of its
neighboring pixels. The neighboring pixels’ scheme are commonly numbered as: [P4,
P3,P2;P5,P0,P1;P6,P7,P8].

CONVOLV :[[Q0:=P0xh0+P1lxhl+P2xh2+P3xh3+P4xh4

+P5xh5+P6x h6 +P7xh7+P8xh8]l; (5.4)

Thus, edges and lines are highlighted after operation of the convolution filter, as shown in
the output image Fig. 5.6(e)-(f). The output image is sharpened for further step of line
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detection. Fig. 5.9 shows an example of computation of the new filtered value (e.g., 112)
at PO[101,101]: (108x10)+ (85%(-1))+ (82x(-1))+ (96%(-1))+ (118x(-1))+ (128x(-1))+
(131%(-1))+ (120%(-1))+ (96%(-1))=224 the result of which is divided by the sum of the
weights (i.e., 2).
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Figure 5.9 Example computation of a filtered value using a convolution filter

5.3.5 Probe’s Edge and Line Analysis

Interestingly, some poor fits during pattern matching returned the relatively high
score of 848 producing a wrong orientation. As a result, the detection of the edges and
lines are implemented for more accurate identification of the endpoint. Two straight lines
in the matched region, as shown in Fig. 5.6(e) and 5.6(f) respectively, are obtained using
an edge detection tool in NI (i.e., IMAQ Find Straight Edge). Lines L; and Ly, in the
directions from right to left and left to right, are detected respectively. Frequently, x; is
mistakenly regarded as the end point despite the fact that the angle of the two lines is

subject to lighting conditions.
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Region of
interest

Best match
_ region

Figure 5.10 Example result of lines and edges detection inside the best match region

Therefore, geometry calculation of lines and points in the next processing step are
applied. In Vision Assistant, the main image processing steps can be illustrated to
facilitate further coding in NI LabView or other such programming languages. Fig. 5.10
shows the two detected lines (e.g. L and L,). Geometry analysis of the edges and lines is

the next step for positioning the tip’s endpoint.
5.3.6 Probe’s Geometry Analysis

In Fig. 5.10, lines L; and L;, in the directions from right to left and left to right
respectively for directional extraction, are located first prior to determining the

intersection point x;.

fL(xy)=ax+by-c =0 (5.5)
and
fL (X, y)=a,x+by-c,=0 (5.6)

Therefore, the intersection point, x; is:
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Figure 5.11 (a) Geometry coordinate of cross correlation and (b) Needle pin-end

characteristics
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(5.7)

Angles of the two straight lines can be changed due to lighting conditions. Therefore, the

tip endpoint will be obtained by calculation instead of relying on the lines detection and

their intersection.

Xei ={(i,j)eZ:pxsisixx\pysj£|xeyi—xe'0|tan0

Xe = (Xendvyend) = (Xi + LCOSH' yi + Lsme) - Xe’i < Z

(5.8)

(5.9)

where X.is a set of pixel elements along the bisecting line. x4 is the endpoint after the

bisecting line extension to ensure the bisecting line is passing through the actual pin’s

endpoint. On the other hand, X can also be described as an extension to the intersection

point X;.
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Figure 5.12 Analysis of pixels intensity (a) line from start to an extended point (b) its

corresponding edge strength profile
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Figure 5.13 Pixel intensity and position of the detected edges

59



60

Along the bisecting line, X is the endpoint which is an element in the subset of Xe. Xp iS
the intersection point of a perpendicular line to L; and another to L,. A straight line is
then drawn between the point x, and Xy as shown in Fig. 5.12. The line profile is analyzed
using the IMAQ Edge Detector of bilinear fixed interpolation type for intensity variations
along the bisecting line X. ;. Points 1 and 2 are the sharp edges representing the upper and
lower rims of the black marking. Due to constraints in the development time and the
lengthy amount of time required if an order for a custom pogo pin were placed from the
manufacturer, the black marking was manually made on to the pin tip to increase
visibility of the line profile as the sharp edges of the manual marking can satisfactorily
produce accuracy in real applications. The clear instructions of the manual marking
procedures should be made available to the workers as the imperfections of the manual
marking will be removed by the automatic calibration process. The practices of manual
marking and calibration are a frequently utilized solution in solving urgent manufacturing

problems under time pressure.

The distance from the second rim along the bisecting line to the end-effector
endpoint is h pixels. h is determined when the operator’s selects an endpoint on the
computer screen during the fine-tuning process. The endpoint should be positioned
against the low noise background, e.g., black color background. In Fig. 5.12a, The probe
is clearly visible however an accurate identification of the probe endpoint by visual
inspection requires great effort. The point coordinates, x,=(306,388) and x,=(458,685),
are the start and end points of the bisecting line. The line profile is the intensities of all
pixels on the bisecting line, shown in Fig. 5.13a. The second rim of the marking is at
(367,507) and its distance (134™ pixel) to the endpoint is 127 pixels, giving the endpoint
of end-effector at (425,620). Fig. 5.13b shows that the new calculated endpoint is more
accurate than considering the 3" edge as the endpoint. The algorithm is thereafter called
the Tip Endpoint Detection Algorithm (TEDA).
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5.4 Test Point Identification

Test point is another interest target object in this thesis. The visual servo must be able
to provide feedback to the robot in order for correct specific placement of the end-
effector onto a test point. Therefore, test point detection is one major challenge in the
design of software. In the software design, detection of various types and shapes must be
taken into account. Thus, this work attempts to design a software program that can
facilitate both current and future algorithms to allow for any supplementary algorithms

that can be added as needed to meet the new requirements.

The test-point detection algorithms are classified into two categories: One is to
confirm and the other to exclude the test points from the possible list. The scoring
technique for test point identification is not utilized in this work so as not to mislead the
operator with the high and low scores of the objects under examination. Instead, the
proposed software program would cease the signal insertion at the test point if too many
identification constraints exist, the phenomenon which requires additional advanced
algorithms for greater extraction capability. The unknown test points, due to the
constraints, are arranged in sets of pixel elements bounded by the regions of interest (ROI
array) and then analyzed. The software architecture is termed the Take and Throw (TaT)

algorithm.
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Figure 5.14 Feature classifications by the TaT algorithm
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Following the preprocessing steps, the images are segmented into two regions: the
object region and the background region. In segmentation, the multiple-class clustering

technique of the NI Vision software was applied to various light intensities [22]. A set of

k:{PI,PZ,...,Pn}EZZ represents the number of ROI’s of the segmented objects, each of

which is a subspace of the large outer ROI, and P;=P;(p;,pp) denotes an ROI block of
rectangular type, each of which consists of the top-left corner pixel at p=(x.y;) and the

right-bottom pixel at p,=(Xp,Y)-

The classification process of the objects utilizes the sub-algorithms of the TaT
architecture. As seen in Fig. 5.14, the take (i.e., the first T) accepts the objects when the
criteria are met, whereas the throw (i.e., the second T) discards the objects when they fail
to meet the criteria. An object that belongs to neither the take nor the throw is assigned
the group under considering. With these programming features, the next generations of
software developers are able to add multiple algorithms to the existing sequences to

increase identification coverage.

Object .
Segmentation| Representation
Irnage = 28 L 2
Preprocessing<:> @ O
SUBT
== S A <:> Interpretation ?
Image ; ;
Acquisition <::> Knowledge base for Test Point
Identification & Classification

Figure 5.15 The take and throw algorithms for image feature extraction

Fig. 5.15 illustrates the positions of multiple algorithms in the image processing, where
ADD and SUBT denote take and throw, respectively. The remaining ROI’s that belong to
neither group are to be assigned to the to be determined (TBD) area pending the

development of more advanced algorithms. PBVS will return significant FAULT to the
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system for PBVS that falls outside the recognition scope. The TaT method is similar to
the Not_Target and Target_State method by which the transition was tallied from total
votes [6]. However, since exact identification is required and the voting method of
Not_Target and Target_State fails to offer such exactness, the TaT approach is thus

selected.

tﬂfl

'O'..0.0‘

(c) Object segmented, 61x61 (d) Identify objects, 61x61

Figure 5.16 Outputs in the region of interest
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In practice, the first-tier ROI, O, is enlarged by growing the area in all directions near the
probe tip endpoint X.. The endpoint coordinates are obtained using the TEDA algorithm

as described in sub-section 5.3.

0, ={(%. %) €Z?: X =x(i-m, ), X =%(,j+n} (5.10)

Pe =[Pes-Pex]l: By :Zi:zjll(i, j)<0;:0, <0, €Z?, (5.11)
k

Xg = center(0,): O, = |D/c\’i(| Xe —center(pgi)ix.y) ) (5.12)

O, =0" :min|lell:e= p,— Pt i (5.13)

Given that O.=Z,xZ, and O is enlarged by 61x61 pixels (Fig.5.16), m=n=30. O
consists of a set of ROl elements, O; , where i represents the number of objects bounded
On).0;C O.. Each object (O;) in

binary subspace is passed through the TaT algorithm to determine the likelihood of being

in O, all of which can be expressed as O.=( O; O, Os .
a test point. The selection of 61x61 pixels for the ROI enlargement is in response to the
possible robot error during the machine calibration and to the size of the largest test point
on the PCB. Fig. 5.16a is the 1600x1200 resolution full view camera image while Fig.

5.16b is the image of the area inside O.

In selection of a test point, the point with its center at Xy and closest to the probe
tip endpoint is chosen. The 61x61 pixel windowing is used for the image processing to
minimize the number of processing pixels. The above algorithm is termed the Test point
Detection Algorithm (TDEA). After the robot has completely stopped at the position
"P(x,y,z), the software instructs the controller to switch on the white light and run TEDA
to obtain x.. While motionless, the robot instructs the controller to switch on the red light

and acquire an image as an input into TDEA to get xg.
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5.4.1 Test point classification

The review of existing literature has revealed that no attempt has been made to
classify the test points. As a result, this thesis classifies test points into two main groups:
the via hole and the probe site. The via hole consists of a pad and a hole with respective
diameters of approximately 150 and 50 microns, while the probe site has the diameter of
600 microns [23].

As seen in Fig. 5.17, in Figs. 5.17a and 5.17b the test points are readily detectable
and of round shape with a dark aperture. Nevertheless, the via in Fig. 5.17c contains no
small dark aperture. Figs. 5.17d, 5.17e and 5.17f show the test points belonging to the
probe site group. Detection of the probe site requires less effort than the via detection
because of the larger size of the probe site. Fig 5.17g consists of two test points, tangent
to each other at the white-colored outer edges. The algorithm applicable to Fig. 5.17g

must be able to divide the two test points into two separate test points.

@ (b (© (d) (€) (f) @ 0

Figure 5.17 Examples of test points in gray

The test point in Fig. 5.17h is a via connected to a net. These test points (Figs 5.17a —
5.17h) are typically found in modern PCBs. Some test points contain a hole in the center
even though the hole does not appear in the acquired images as it has been filled by
solder from the Surface Mount Technology (SMT) machine. Ideally, the holes of both
groups of test points, i.e., the via and the probe site, should be located at the center of the

circular pad. In reality, the hole is however shifted slightly to the edge due to a drilling
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error [23] as depicted in Fig. 5.16b. In addition, the camera projective effect could make

the hole appear slightly off the center.
5.4.2 Algorithm Design for Proper Via Detection

A circular conductive pad with a hole in its center is ideal for the detection
algorithm design. The pad is in white as light is reflected whereas its hole is in black, as
seen, e.g. in Figs. 5.18a, 5.18b.

(a) Original image (b) Detected objects

(c) ROI’s after screening (d) Detected objects

Figure 5.18 Ideal via with black hole extraction
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The detection process is as follows:

1)

2)

3)

4)

5)

6)

7)

8)

9)

10)

The original image is taken with red light as shown in Fig. 5.18a, in
which the interested area is cropped from the original image;

The original image is converted to the gray image using the Hue
Saturation Intensity (HSI) model, median filter and automatic threshold
clustering techniques;

Segment the bright object from the background using NI Vision Builder
Al (Fig. 5.18Db);

Remove thin ROI’s, which are defined as those with the width less than
2 and the height more than 10 pixels; in other words, with the ratio of
width to height larger than 1:5 (Fig. 5.18c);

Remove small objects (<20 pixels) and accept ROI’s with an area equal
or larger than 20 pixels for the next step (Fig. 5.18c);

Select the circular objects from the subspace in the remaining ROI’s
using the Heywood algorithm.

Attempt, If possible, to fit a circle with the radius between 5 to 8 pixels
into the objects using the IMAQ Find Circles, accept those objects that
the circle fits and determine the center of the fitting circle;

Locate the dark spot on the bright object using the IMAQ Remove
Border Objects (Fig. 5.18d);

Analyze the remaining objects and assign a hole or the dark spot as the
center of the test point (Fig. 5.18d). However, if the dark spot is unable
to be located, deploy the center of the fitting circle of 7);

Transform the sub-pixel position of the center location to the image

plane coordinates.

The software program expects the vias to have a radius of 5<r <8 pixels. Therefore, the

test point area is between 20 < r <51 pixels. Following the 10-step process, the algorithm

can eliminate many unwanted objects. As shown in Fig. 5.16d, the unwanted objects are

in the small red rectangles and most of the unwanted objects are lines and noise. The
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unwanted objects are discarded and labeled as non-test points by the SUBT algorithm.
The SUBT algorithm first checks the thinness of each object and if ROI of the object is
less than 5 pixels. Any objects that do not come up to specification will not be accepted
as a test point even though the area meets the criteria.

5.4.3 Algorithm Design for Probe Site Detection

A probe site area is larger than a via with the former’s radius of 14 <r <21 pixels.
Fig. 5.19 shows the detection outputs starting from the original object (Fig. 5.19a) to the
center extraction (Fig. 5.19f). The object is processed by the ADD algorithm. By visual
inspection, the ADD algorithm should accept the object in Fig. 5.19a as a test point and
then correctly locate the center of the object. The algorithm then assigns the dark point at
the center as the hole or object center. In the case that the dark hole is not visible on the
image, the algorithm computes the average coordinates to be alternatively used as the
center of object.

OBON B N B
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Figure 5.19 Detection outputs of test points with a black hole

The procedure of image processing underneath is included in the software:

1) The original image is acquired with red light (Fig. 5.19a);

2) The original image is converted to the gray image using the Hue Saturation
Intensity (HSI) model and median filter techniques;

3) Detect the objects using NI Vision Buider Al (Fig 5.19b);

4) Remove the small and thin objects with thin ROI;

5) Segment the objects using the automatic threshold clustering method and look
for the bright objects (Fig. 5.19c¢);

6) Detect and select the large circular objects;
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7) Invert the binary objects (black and white are reversed, Fig. 5.19d);

8) Remove the border objects (Fig. 5.19¢);

9) Analyze the single remaining object and identify the center of test point (Fig.
5.19f);

10)  Convert the subpixel position into the image plane coordinates.

The algorithms in the TaT architecture in sub-sections 5.4.1 and 5.4.2 are the knowledge
base of test point recognition. As seen in Fig. 5.20, the extraction results using the TaT
algorithms show that the algorithms recognize the test point types and that the knowledge

base is able to confirm the functionality of the visual identification.

In addition, Fig. 5.20 indicates the need for a greater variety of input images in the
software verification. Therefore, the first-tier ROl is enlarged to entail a greater number
of image objects for verification, as shown in Fig. 5.20c. Although the expanded window
size is recommended for software verification, the reduction of window size is adopted in
the release software to decrease the processing power requirement. In the same figure,
each gray dot represents the center of each test point and is derived by the TaT
algorithms. As shown in Fig. 5.20, some objects are the probe sites with large circular
conductive pads whose outer rims are joined with one another. Meanwhile, the ADD
algorithms determine the presence of multiple objects using the two-step process: first,
placing two circles side-by-side inside the object, and, then, replacing all pixels in the
two circles with black pixels. Repeat the two steps until no additional circle fits into the
object. This helps the sub-algorithms to determine the number of test points in the large
circular object. The ADD algorithms work with most via holes with white—colored outer
edges as the behavior to lighting of large conductive pad and that of the white-colored

outer edges are identical, thereby resulting in the similar images.
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Figure 5.20 Extraction results using multiple algorithms (a) original image (b) during

image processing (c) object centers.

5.5 Conclusion

Two main topics are principally described in this chapter; (1) probe tip endpoint
identification and (2) test point identification. In practice, pattern matching does not need
to search over the image. A region of interest (ROI) can be roughly defined to cover the
possible area. The search within the limited region will reduce the computing resource.
At this step, the endpoint and test point are reported in pixel position which is the
coordinates on the image plane. These two coordinates (x. and Xq) are later mapped to
robot coordinates using an estimation method together with coordinate transformation
back to the robot coordinates. A complete transformation of the related coordinates will

be described in the subsequent chapter.



CHAPTER 6
VISUAL CALIBRATION AND POSE CORRECTION

6.1 Introduction

This chapter describes visual calibration, pose estimation and pose correction
thereby the proposed method [20]. Instead of solving the projection equations exactly, an
estimation method is used to minimize the sum of errors. Also, typical calibration is
discrete method. Hence, it needs to numerically estimate the target position from the
existing calibration data.

After mechanical tuning, the most critical part of the implemented robot is
rotational; this is the head of robot moving around the Z-axis as shown in Fig. 6.1. In the
rotational calibration, the implemented Cartesian robot uses a Nano Tech stepper motor

(L4118 model), which has been tested by the manufacturer to guarantee high accuracy.

Head structure
rotational axis

focal plane

camera >
world plane

Figure 6.1 Robot coordinates system (left) and the head structure (right)

However, robot errors are inevitable with the addition of components to the
hardware structure and/or of more wiring to the motor, which is widely practiced. This
chaper describes a rotational calibration technique to calibrate the head structure rotation.
The calibration with the proposed technique produces two results: the rotational linearity
and the relationship of the angle and distance of the image coordinates to those of the
world coordinates. The relationship coordinates are recorded in form of array. The data

array can be used later for pose correction.
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6.2 Visual Calibration

The calibration begins with the robot traveling from a position 1000 microns away
from the stationing control point (i.e. target); and then, without rotating the head
structure, adjusting its X-Y position by several small steps until the end-effector endpoint
reaches the target. The steps are repeated after the rotation of the robot’s head structure
by one additional degree. At each degree, the robot moves the end-effector one pixel
closer to the target to avoid an infinite loop of robot-image servoing. The relationship
between the image coordinates and world coordinates is also obtained during the robot’s
discrete traveling since the coordinates of the end-effector from the TEDA algorithm and
those of the robot from the robot controller are known. The relationship is in relative
distances and angles, which subsequently serve as the inputs for the pose approximation

when correcting errors in a real servoing task.
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Figure 6.2 End-effector placement error: (2) find probe’s endpoint (b) test point detection

(c) select test point (d) report coordinates of probe and test point

Fig. 6.2 illustrates the reason why the relationship of the image coordinates and
world coordinates must be known prior to pose correction. Fig. 6.2(a) illustrates the
original image of the area of interest. Firstly, the probe endpoint is identified by using
TEDA algorithm. Fig. 6.2(b) illustrates the detection result (i.e., test point) using the
TDEA algorithm. Fig. 6.2(c) illustrates the final result replete with error information (Xe
and Xg). The error information is in the unit of pixel, as shown in Fig. 6.2(d).
Nevertheless, the information on the angles and distances of the world coordinates in
micron for the pose correction is not available to the robot. Therefore, the relative angles

and distances of the two coordinates are needed.
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Prior research works on visual calibration used the knowledge of geometry to
determine the relationship between the object and image coordinates. In addition, the
relationship between the object and image coordinates could be determined by the camera
calibration methods for a wide area, an example of the methods is Qiaoyu’s method [25].
In Qiaoyu’s work, prior to calibration the control points were created for the camera’s
wide view to enable the algorithm to extract all the control points and estimate the
distances between pairs of all the control points in the area of interest. This current work,
in contrast, utilizes this robot. Since the robot is faced with few distance errors and
almost all the errors surround the end-effector, it thus requires a small area for the

calibration.

j: EEEEEE— ]
The head structure
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Figure 6.4 Example extraction results of four arms detection.
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In addition, in the calibration extraction of the single control point must overcome
obstruction to the camera by the end-effector. Therefore, a circular model connected to
four arms was designed to enhance extraction at all rotational angles. Fig. 6.3 shows
mechanical setup for the rotational calibration. Fig. 6.4 shows example extraction results

of four arms detection.

| Possible landing

Figure 6.5 (a) Calibration area; (b) possible landing locations; (c) circular model for

image extraction

The end-effectors, although from the same four-arm model, are different for
different angles of view. As such, the camera calibration without the end-effector is not
recommended. Appendix C describes more detail on the control point extraction. The
circle control point was proposed by Ankur [25], who reported that the circle center
localization had an error of 0.23 to 1.7 pixels whereas the center localization provided by
NI has an error of 3 to 15 pixels, which are too large for this robot. The proposed center
localization in this current research work yields a smaller error (0 - 1 pixels) in

comparison with that of NI localization.
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Figure 6.6 Top view of rotational calibration



75

The maximum calibration radius is set at D1/2, Fig. 6.5a, where D, is the diameter
of total hardware error. In practice, the diameter can be lengthened to include the error
area, and the widened diameter can be later shortened in view of the maximum error
obtained from the actual operation. Hence, the 1,000-micron radius is initially specified
for calibration. The center position will be extracted from the four-arm model, Fig. 6.5c,
and used as the control point. The robot continues traveling in small steps from a point in

the calibration area to the control point according to the step sizes presented in Table 6.1.

Table 6.1 Robot step sizes

d Real VYOI’ld coordinates at rotation 6
(pixels) ) ?rtr?i%rscl)ii) New coordinate
10< d 300
6< d<10 200 _
4< d<6 100 | Do ~0uC0s8Yo~tysing]
3<d<4 50
d<3 30

The robot then records the actuator position with the help of the camera when the end-
effector has reached the control point at the first rotational degree of calibration. Under
the assumption that X-Y has been well calibrated, plotting of the final X-Y coordinates of
every degree produces a perfectly round circle as shown in Fig. 6.6 in which the plot
circularity confirms the rotation linearity. If errors exist, the plotting of the X-Y
coordinates will not produce a perfectly round circle.

Through the rotational calibration, both the rotation linearity and the relationship
between the image and robot coordinates are known. The transformation of the image

coordinates into the robot coordinates is by Eg. 6.1.

w w
Xi+1 Xi W Ximage
= +aT , 6.1
|:Yi+1 :| |:Yi :| cv |:yimage:| ( )

where ‘T, is the linear transformation of the pixel distance of each angle to the robot

coordinates. Since the robot travels in a discrete manner, the interpolation technique is
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employed to create the pseudo-continuous traveling. As presented in Table 6.1, the angles
and distances of the discrete movement of the robot respectively increase in the one-
degree step and by micron. Although the best resolution from the stepper motor is
obtained at 0.05625 degree per step, the one-degree resolution per step is selected to
reduce the calibration time. In the proposed calibration, the lens distortion and camera
parameters can be ignored. Hence, this calibration works with most current high
resolution cameras and future cameras with more advanced specifications.

To localize the target control point, another algorithm is proposed to extract the
control point from the four-arm circular model. This model is a printout from a laser
printer which is then placed on the workspace (Fig. 6.3). Even though each individual
arm is one single thin line, the line extraction produces an appearance of two parallel
lines for each arm. The upper and lower middle points that form a line between the two
parallel lines of each arm are then computed. The intersection angles of any two arms are
between 72 and 95 degrees due to the camera perspective. Other lines with an angle
outside 72 and 95 degrees are removed and regarded as noise or unwanted lines. In the
worst-case scenario in which the end-effector obstructs an arm from the camera’s view,
the intersection point can be calculated from only two lines with an angle between both
lines of 72 to 95 degrees. Since at certain angles the probe tip could obstruct some parts
of any two arms, the proposed algorithm thus has to be robust in calculating the central
control point. With the proposed localization method, the central control point can be
identified at any rotational angle as the robot rotates around the control point.

The rotational calibration steps are outlined below:
1) Servo the robot arm to the computed world position (X,Y,Z).
2) Fix Xand Y, and rotate & in plane Ato 6.

3) Acquire an image and extract the locations of the end-effector and the control
point from the acquired image.

4) Servo the end-effector to a new location[X;,;,Y;,1,Z], where [X,;.Yi4.Z]=
[X;—d,cos8,Y; -d,sinéd,Z], whered,, is the robot step size in Table 6.1.

5) Repeat Steps 3-4 until convergence, (see the sample moves in Fig 6.7), and

record the last position of the robot (X,Y,Z).
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6) Record in each moving step the relationship between the image coordinates
and the known world coordinates (X, Y and Z) obtained from the robot
controller.

7) Repeat Steps 1-6 until completion of rotational degree calibration. Note that
possible of robot’s rotation are between 0-100 and 141-360 degrees due to

wiring limitation.

OOOOOO

 move 4 move 4 move 4™ move 5" move 6" move

Figure 6.7 Sample moves of the end-effector toward the control point

R" (q,,d(Ax,Ay) < u)

R'7(q,.d(Ax, Ay) < u)
R (g,.d(Ax,Av) < ) .

Figure 6.8 The moving steps from ¢, toward g

The moving steps are depicted in Fig. 6.8, where Qg is the start point (Qstart) and g is the
final point (ggoa1) in the space Z°. In reality, the trajectory between qo and g is not a

corridor path due to several unknown real distances and angles (i.e. ») in the world

coordinates [28]. Therefore, in the proposed calibration method, the target, g is
approached in a small-step fashion in the direction of » (i.e., the angle seen in the image

which guiding each step to move closer to the target) with Ax,, and ay,, distances as
shown in Table 6.1. The moving configuration can be described by q =(&d,)=(x,Y;.%)
where ie{t...n}. Without slipping distance in each move, the next move is written as

AXi+1 and Ayi+l'
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{Axm} :{ cosy, siny; } Uk —xq) | 6.2)
AYisg ] [=Siny; oy J| dey
go and g can be written in a function of X, Y coordinates together with the real angles of

Ostart = (Xe.00 Ye.0 7e0) @NA Qgoar = (Xg.01 Yg.0:7g.0) - Mapping of Ay — Aw is now known. The
robot stops moving at the final position, p, when || q,,; —q¢ [<1 is reached. The relative

mapping between the image and world coordinates can be written as:
(dis @) € 2% - (dy,,7) € R, (6.3)

The proposed calibration is also applicable to Z-height calibration because the 12-
micron-pixel pitch offers sufficient resolution in differentiating the Z-height distance
while no investment in the high resolution laser for Z distance measurement is required.
Therefore, the TEDA algorithm can be used to test the planar of a metal base plate. The
Z-height calibration starts with the robot traveling in a random fashion over the
workspace without rotation of the head structure. The length of Z has been
predetermined. At different random positions, images are acquired and fed into the
TEDA algorithm to derive x.. All derived are evaluated to see whether they repeat the
same value. The repetition indicates that the metal base plate is planar.

6.3 Pose Estimation

The placement error of the robot’s pose (position and orientation) can be
determined by the distance and angle errors. Therefore, both errors can be used for the
pose estimation. The rotational calibration in the above section records the relationship
between the image and world coordinates with respect to distances and angles. The
relative calibration data between the image and robot coordinates are then recorded. By
ignoring the fixed length Z, the recorded data can be expressed with the following
formulas:

farray : dim,ila}l = dW,ilyi 0y <2z, (64)

Gim i £, = X (%, ¥) = Xg 1 (% Y)| Zarctan(; (x, ) %, (6, Y)), (6.5)
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Qi 271 = [T (X, ¥) — Qg O V)| Zarctan(dy (x, ) dy o (%, Y)), (6.6)

where the data array, faray, COnsists of the relative mapping elements. One mapping
element comprises the error distance, din, and angle, » on the image, which are mapped
to the error distance, dy;, and angle , 5, on the robot coordinates. The distance and angle
can be calculated using the Euclidean angular distance. Since the control point is the
stationing point, S (or Xg), the final moving step, p, thus represents the end-effector
coordinates, P°. Therefore, the kinematic error function can be expressed in base
coordinates as

Epp(xe;S,Pe)=Xe(Pe)~S, (67)

Total error, e, of each individual calibration can be calculated by Eq. 6.8, where n starts
from 0 to 360 degrees. The 1-step degree is used for calibration.

el 4 2 2
llell"=e5 +e5 +,.., ten 4 + €5, (6.8)

Because of the hardware rotational limits of robot’s rotation, the angles between 101-140
degrees are skipped. The robot total error can be more specifically explained by Eq. 6.9.

100 360
e 2\/(2| XRexv) = Xe(x )i |+ Z [ Xrex vy = Xe(x )i ) (6.9)
i=0

i=141

The first distance, dy, from the actuator’s controller at the first calibration degree is
known once the end-effector has reached the target. The coordinates of every rotation,
dwi, can be determined. The relationship between the image and robot coordinates at 174
degrees is shown in Fig. 6.9.

Distance in 2D Image Plane(Pixels)

~

> il : : : : B
SR meebeeene oo o measured distance
b : : : { —— linear fitted

0

400 600 800 1000 1200 1400
Actual Robot Distance (micron)

Figure 6.9. Relationship of the distance on image versus the robot distance at 174
degrees
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The proposed centralization method gives the resolution of less than one pixel. To
reduce calibration time, it is however permissible to set the error between one and up to
two pixels. With the hardware issue solved, the robot produces more precise results, as
shown in Fig. 6.11(b). In the same figure, 99.94% of 251 trials landed near the control
point within the error length of 200 microns at the first jump. In this experiment, the
robot figuratively opens its eye to confirm the accuracy. In the real servoing operation,
even near 100% accuracy still requires the visual servo since errors from other sources
could degrade the robot accuracy by approximately 5%, e.g. the fiducial marking errors,
drill hole errors, and unavoidable mechanical errors. Thus, the visual servo is typically
called upon at about 5% of the time. Fig. 6.10 visualizes circularity which impile
linearlity of rotation of the head structure.

(a) Robot coordinates 360 degree around center point % 105 (b) Robot X-Y coordinates
I 3.35
o : Be, 4 % calibrated
400 o mr =T R . LA 33 +  non calibrated
350 .71 % calibrated -- 395
- + non calibrated
L s 32
w g
o 240 iE
° e c 3.15
@ =]
Q200 -~ : =
& e 2 31
£ 160477 =
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Figure 6.10 Rotational calibration around Z axis: (a) Linearity of rotation around Z axis
(b) plot of X-Y coordinates around Z axis
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Figure 6.11 Experimental results: (a) non-calibrated and (b) calibrated landing
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Figs. 6.12(a) to 6.12(i) show the detection results of the probe tip and test points in
different areas. The centers of blue squares are the locations of the end-effector and those
of green squares inside the green circles are the locations of test points. The locations of
the end-effector, Xe, and the test points, Xq, are listed in Table 6.2. In the same table, the
error information is mapped to the robot’s angular distance as the final output data for
pose estimation. The reverse of the pose estimation in Table 6.2 will be fed into the
software program to instruct the robot to re-attempt placement of the probe tip.

@ ) (i)

Figure 6.12 Detection of the tip endpoint and test points at different locations

Table 6.2. Detection Coordinates and Robot Estimation

Picture Image coordinates Estimation
Xe Xg dim Z dw 2y
a (426,624), (412,638) 19.82-0.78 6233 20.79
b (442,621), (434,636) 17.002-0.49 | 5577 ,1.08
C (421,613), (416,626) 13.92 ~-0.36 | 4566 21.02
d (424,628), (428,638) 10.77 £0.38 353321.95
e (429,626), (408,638) 2418 ~-1.05 | 7874 .20.52
f (435,616), (434,628) 12.04 ~-0.08 | 3950.1.49
g (435,607), (430,624) 17.722-0.28 | 5813 ,1.28
h (433,630), (428,642) 13.00£-0.39 | 4265,1.17
i (430,635), (434,640) 6.04 ~£-0.67 2099 ~0.89
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6.4 Pose Correction

Pose correction is last step of the visual servo. Since the camera is mounted in the
eye-in-hand configuration, it needs to translate the camera position on the robot head
structure also. However, in this work since the head structure is a rigid body and the
controller requires only relative distance and angle of the pose in order to perform the
pose correction.

Target test point

The head structure
(top view)

Rotational axis

Frame {A}

Figure 6.13 lllustration of transformation of the robot’s head structure

With reference to Fig. 6.13, the head structure of robot is originally located at °P(X,Y,Z),
after the robot has completely stopped at the desired position *P(X,Y,Z) in order to
perform fault insertion signal on to a test point on the PCB under test. The transformation
can be expressed as:

’R, Bt
Bp = BHAAP=( OA 1AJAP, (6.10)
and

A Ay B A = ARB AtB B
P="H,°P=("H,) °P= P, (6.11)

where “P and PP are the representation of P (i.e., test point) in frame {A} and {B}
respectively. “tg is translation in the {A} to {B}. H represents a single transformation
homogenous matrix. In this application, the terms rotation, R, can be reduced into
rotation around the Z axis, 45°, for example. In practice, R and t will be optimized in
order to get available path to servo the head structure to the target area due to obstruction
and angle limitation. The translation is [10,5,0], for example. Below is an example of the
coordinate transformations which also describes the pose correction.



The head structure
(side view)
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Figure 6.14 Example of reference coordinates on the workspace

Fig. 6.14 shows example reference coordinates. In this example, translation of the camera
and the probe are ignored due to the fact the feedback position will be retrieved from the
mapping array of the pose estimation thereby the feedback position is already in the real
world coordinates. Hence, the correction information in terms of world position for the
robot’s controller can be converted respectively as follow:

BP: BRA BtA AP:
0 1

cos o,
sing,

-sing, 0
cosd, O
i 1 1

0.7071 -0.7071
0.7071 0.7071
0 0
0 0

o O O

10
5
0

1

10

P O O O

0
0
0
1

15

15
1

10 10.7071 7.8787 11.7678
5 7.1213 42929 6.7678
-0.866

0 15
1 1

15
1

1

-2
1
15
1

-2
1
15
1

¥
0
—0.866
1

25
0
-0.866
1

(6.12)
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The latest outcome of Eqg. 6.12 shows coordinates of the reference points on the head
structure in frame {B}, [11.76,6.76,-0.866] is position of camera after rotation and
translation, while a test point is positioned at [13,7,-0.8660] to intentionally produce an
error for further correction. In the view of camera, first, the error is detected in image
coordinates (i.e., xe and Xq ). In this example, for perfect pose correction, the error in
world coordinates should be mapped to ™*P=[-1.2322,-0.2322,0,0]. However, the
mapping position must be transformed back to the coordinate frame {A}, P, as follows:

0.7071 -0.7071 0 10)'(-1.2322\ (-1.0355

0

0.7071 0.7071 Q0 5 —0.2322 -0.7071
1
0

AZP — AH -1 mapP g —
( B) 0 0 0 0 0 (6.13)
0 0

1 0 0

Now, outcome of Eq. 6.13 can be fed as feedback information, “?P, to the robot to
recalculate the new position, B2P, for the next move by using Eq. 6.12 together with the
feedback information.

B2p _ "R BtA Ap _ A2
P_[ oA 1](P P)

07071 -07071 0 10)({0 2 -2 25 ) (10355 -10355 -1.0355 —1.0355

07071 07071 0 5/l0 1 1 0 07071 07071 07071 0.7071
| o 0. 1~ 0Jlfo 15 15 Zo866| | “0 0 0 0
0 0 =B L oW CL1 0 0 0 0

11.2322 11.9393 9.1109 13
| 52355 73535 45251 @ 7 614
B 15 15  -0.866 (6.14)

1 1 1 1

The reference coordinates of the last column in the Eq. 6.14 now touch the target test
point. An incorrect placement of the end-effector can be corrected using this calculation.
The correction data can be calculated using the bilinear interpolation technique from the
angles and distances in the mapping array to get the ™P of each angle. In the actual
operation, the total error can be thresholded to alert the operator to undertake the
preventive maintenance also.
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6.5 Conclusion

This chapter described the proposed visual calibration, pose estimation and pose
correction. The proposed rotational calibration can be achievable by using the two
detection algorithms; probe tip endpoint detection and control point detection. Through
the rotational calibration, both the rotation linearity and the relationship between the
image and robot coordinates are known. The known mapping data is recorded for simple
pose estimation and pose correction. The four-arm model can be easily printed out by
using a typical laser printer to place on the workspace to enable the robot’s visibility.
Low cost, practical and precise calibration can be obtained through the proposed
calibration. Moreover, pose correction can be made by retrieving the error information
out of the relationship between the image and world coordinates which are obtained

during calibration.



CHAPTER 7
CONCLUSION AND REMARK FOR FUTURE

STUDIES

7.1 Conclusion

This thesis details the background knowledge of PBVS toward design and
implementation of the proposed PBVS. The proposed visual servo system is categorized
as a Position-Based in eye-in-hand configuration. The PBVS is designed and
implemented for pose correction of the end-effector placement error of a Cartesian
robotics. The thesis includes a novel detection of the probe tip and test points. The
proposed PBVS is simple and very practical for handling the operational factors. The
details of the robot calibration are also provided and the rotational calibration requires
approximately twenty-one minutes. As the mechanical and human errors are inevitable
even with a well-calibrated machine, the complete visual servo is required for the
introduced robot at the run time mode to increase the test yield. The test yield can be
improved by pose correction when errors occur. The correction can be made in less than
three seconds per one correction loop without complex computation as the moving
relationship has been made available for data interpolation to calculate the pose
estimation.

The Nearest Neighbor (NN) algorithms [29] could be applied in searching for a test
point, and the TDEA algorithm stops analyzing other objects once the nearest test point is
identified. However, NN is unsuitable for the Cartesian robot as multiple objects can be
tangent to each other at the outer edges. Thus, the center of the object’s ROI cannot
instantly identify its nearest neighbor because the object requires analysis beforehand to
recognize the entire object.

Speed is another cause of concern since the addition of algorithms increases the
execution time. This work, however, made an investment in a high performance server
as it accounts for a fraction of the total costs of the robot project. Thus, the issue of speed
could be left out. In addition, the application is a low-speed and is normally used for

product evaluation during the product design phase prior to mass production. Therefore,
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test time is not key to the design of the software. The total execution time required is
minimal at approximately one second each for TEDA and TDEA. Also, the total test time
per one call to visual servo is less than three seconds, the length of time which includes
Image acquisition using the existing test equipment. In fact, in comparison with test time,

reliability and accuracy are valued more highly by manufacturers and customers.

7.2 Remark for Future Works

Current selection method of test point is to simply move to the closed test point next
to the end-effector. The correction could false moving to wrong test point if more than
one test points with the same distance are detected. Future research could introduce a
better test point selection method to address the problem of wrongly selecting the test
points. The constellation of test points in the memory facilitates the searching by the
algorithm and thereby addresses the problem of wrong selection. Moreover, to solve the
wrong selection problem, the constellation of test points near the target area directly
extracted from CAD is compared against the constellation of test points extracted from
the image, Fig. 7.1.

(b)
Figure 7.1 (a) Example PCB image (b) constellation of test points extracted from CAD

of the example PCB

The designers and developers should bear in mind that there are several factors
involved in the implementation of all parts as a system, such as the poor reflection caused

by oxide at the test point of an old PCB. The designers and developers should also



88

include the workflow to handle the system constrains. The visual servo should be able to
classify which object is a test point and which is not, and it should return a false value to
the software program if the classification cannot be made. In addition, a safety sensor and
a limit switch should be installed to protect the hardware and the unit under test in the

event of software and hardware malfunctions.
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APPENDICES

APPENDIX A

Jacobian Iterative Estimation

Jacobian matrix is the matrix of partial derivatives of that function. In numerical,
Jacobian iterative method is an algorithm for estimating the solutions of a diagonal
dominant system of linear equations. The estimation outcome will be approximated
value. The value will be numerically iterated until it converges. For a continuous

transformation from (x,y) to (u,v). Then, x=x(u,v) and y=y(u,v).

(%, Y)
j j (% y)dxdy = ij f(x(u,v), y(u,v))mdudv (A1)
& o
axy) |_|eu ov
{aw,v)} ¥ A2
ou ov

where F:R? — R? is so-called 2D Jacobian thereby maps areas dxdy to areas dudv. 3D

Jacobian can be also described as: x=x(u,v,w), y=y(u,v,w) and z=z(u,v,w).

J'”V f (x,y, z)dxdydz = ”jv f(u,v,w) Z(()lj 3//)) dudvdw (A.3)
[ox  ox  ox |
ou v ow
{—8(x, Y.2) } |y Yy (A4)
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Typical algorithm of a Jacobian iterative method to find x for y=f(x), which minimizes

error E=[f(x)-yo[* can be outlined below:

1) Start with xo as guess for X,

2) Compute y=f(x). Residual error becomes dy=y-yj.
3) Construct Jacobian of f where [of /x| and dy=Jdx.
4) Compute dx using pseudo inverse dx=(J"J)™*3"dy.
5) Update estimation of x=x+dx.

6) Repeat step 2-5 until E can be acceptable or convergence.

Example of finding x in numerical iterative method for p=KM,, "P = K(CRW CnA,)MP.

where Mgy is unknown matrix and y = p. where K and Mp are known intrinsic and model

coordinates respectively. Recall Eq. 3.29

L h Ny Y
Mei = ( ; Ry th) =i B T b (A.5)
r31 r32 l’-33 tZ
= 1x3 4x3 13 4x3
tX X
Meo = ( CRW th) n I:CR\N ]ng & 7 [Raz Ra, Rex ]M ty (A.6)
tZ tZ
p L 343 133
cos@, -sing, O0)f cosd, 0 sin€ (1 0 0 ty
=|||sing, cosd, O 0 i 0 0 cosf, -siné, t, (A.7)

0 0 1)\=sing, 0 cosé, )\O cosd, cosé, t,



£ 0 c)[(coss, -sing, 0) cosd, 0 sing (1 O o \re T°
y={0 f, ¢ sing, cosd, O 0 1 0 0 cosd, -siné, t,
0 0 1 0 0 1)\-sing, 0 cos@, |0 cosd, coséb, t,
X, X, o X
Y, Y, .. Y,
2, 72, .. 1Z, (A8)
1 1 .1

Then, computey=p=1f(x)="f(6,.6,,6,.t,.t, t,)with initial guess value (e.g.

x=(1,1,1,1,1,1)). The Jacobian derivatives can be approximated as.

o () f(x+s0)=f(0)

~ A.9
a(x) 2 (A9)
o A
= —— N\ P
o o |/,
p S VI 5%
J{_} . . (A10)
OX;
A ) Fi oy S\
X X Xy

First column and last column of the Jacobian matrix can be example written in Eq. A.11
and A.12 respectively.

— /) (A.11)
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APPENDIX B

Vision Software Tools

This work uses a family of National Instruments (NI) vision software. NI provides
vision software tools, solutions and friendly custom framework for vision software
development. Extensive vision applications use NI Vision for vision development in
manufacturing. For vision system beginner, LabView and Vision Development are

prerequisite software for installation and their evaluation version is free of charge.

The NI Vision software set includes:
1) NI Vision Assistant 8.6.0
2) NI LabView 8.6
3) NI Vision Development 8.6.0
4) NI Vision Builder 3.6
5) NI Vision Acquisition 2009

Fie Edit Imege Color Gra

onVEETe 1 B

yscale Binary Machine Vision Identification View Tools Help

EERRSE 8

9050,00 12025,00 9050,00 12075,00 90,

CIRIENENENEY

i 1 of 1

N

SOo0oam s

IE‘ Histogram: Counts the total number of
pi
e

grayscale value and graphs it.

stics | | [1600x12000.5¢ ¢ |
in the ST 7

'+ Displays the light intensity in a 1= ‘ H,‘ i ..1‘ e g‘ X,‘ i)

limensional coordinate system.

hness: :lms;:;:nghmess, contrast, @ @ Igl I&I Iﬁl Iﬁl I__il Iil

Original Image Red Plane Median Size 7 Pattern Matching Adv. Straight Edge 1 Adv. Straight Edge 2 [Line through Marking | Caliper 1
Set Coordinate System: Builds a coordinate
system based on the location and
orientation of a reference feature.

Figure B.1 Vision Assistant version 8.6.0
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143 Geometric Matching with Calibration EXxample i BIOSR Diag
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Figure B.3 Vision Builder
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APPENDIX C

Control Point Identification

This sub-section describes identification algorithm of a control point. Control
point is used for camera calibration and machine calibration. The calibration only
requires observation of a planar pattern. Typical calibration uses camera to extract metric
information from 2D images. Square control points [25], grid square [26], circular ring
[25] are traditional control points. These control points are suitable for camera wide view.
Fig. C.1 shows four-arm circular control point which is designed for higher accuracy

positioning in narrower area.

(a) Source image (b) result of IMAQ Detect Lines
Figure C.1 Center point identification out of circular four-arm model

The identification algorithm includes following steps:
1) Acquire image, Fig. C.2a.
2) Convert color image to grayscale image, Fig C.2b.
3) Adjust brightness and contrast of the grayscale image, Fig C.2c.
4) Apply IMAQ Detect Lines, Fig C.2d shows detected lines.
5) Compute middle line of each two parallel lines, intersection point of at least two
line that form angle between 72-95 degree is the center point. Fig. C.1b shows the

calculated intersection point (i.e. central point of the four-arm model).
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(a) Source image (b) grayscale image

-
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(c) Result after adjust brightness and contrast  (d) result of IMAQ Detect Lines

Figure C.2 Processed images for feature extraction out of circular four-arm model

Even though each individual arm is one single thin line, the line extraction produces an
appearance of two parallel lines for each arm. The upper and lower middle points that
form a line between the two parallel lines of each arm are then computed. The
intersection angles of any two arms are between 72 and 95 degrees due to the camera
perspective. Other lines with an angle outside the 72 and 95 degrees are removed and
regarded as noise or unwanted lines. In the worst-case scenario in which the end-effector
obstructs an arm from the camera’s view, the intersection point can be calculated from
only two lines with an angle between both lines of 72 to 95 degrees. Since at certain
angles the probe tip could obstruct some parts of any two arms, the proposed algorithm

thus has to be robust in calculating the central control point. With this localization
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method, the central control point can be identified at any rotational angle as the robot

rotates around the control point.

W

2
e / -

\ /;

(a) Source image at 0 degree calibration

(c) Source image at 16 degree calibration

(e) Source image at 150 degree calibration (f) detected lines and center, 150 degree

Figure C.3 Sample images and identification results at different degree of calibration
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(a) Source image at 174 degree calibration

N

(c) Source image at 235 degree calibration
' \

a

(e) Source image at 244 degree calibration
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ﬂ

(g) Source image at 284 degree calibration
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(b) detected lines and center, 174 degree
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(h) detected lines and center, 284 degree

Figure C.4 Additional sample calibration images and identification
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Rotational Calibration Data
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This sub-section contains the calibration data which is recorded during rotational

calibration of the robot’s head. The relative position of the X-axis and Y-axis is recorded

in unit of micrometers.

Robotg  X-axis Y-axis
0.00 349409.00 314618.00
1.00 349360.00 314321.00
2.00 349348.00 314040.00
3.00 349362.00 313780.00
4.00 349331.00 313501.00
5.00 349353.00 313233.00
6.00 349376.00 312970.00
7.00 349385.00 312717.00
8.00 349420.00 312460.00
9.00 349435.00 312214.00
10.00 349480.00 311951.00
11.00 349504.00 311674.00
12.00 349557.00 311418.00
13.00 349589.00 311167.00
14.00 349652.00 310907.00
15.00 349694.00 310645.00
16.00 349741.00 310396.00
17.00 349816.00 310148.00
18.00 349869.00 309903.00
19.00 349954.00 309650.00
20.00 350020.00 309387.00
21.00 350112.00 309144.00
22.00 350182.00 308892.00
23.00 350286.00 308643.00
24.00 350341.00 308391.00
25.00 350450.00 308152.00
26.00 350563.00 307919.00
27.00 350625.00 307693.00
28.00 350748.00 307457.00
29.00 350874.00 307225.00
30.00 350983.00 306982.00

Robot@  X-axis Y-axis
31.00 351113.00 306760.00
32.00 351226.00 306523.00
33.00 351370.00 306299.00
34.00 351487.00 306074.00
35.00 351635.00 305860.00
36.00 351732.00 305640.00
37.00 351891.00 305425.00
38.00 352051.00 305216.00
39.00 352191.00 304998.00
40.00 352334.00 304787.00
41.00 352509.00 304582.00
42.00 352665.00 304373.00
43.00 352842.00 304179.00
44.00 353020.00 303992.00
45.00 353174.00 303799.00
46.00 353364.00 303611.00
47.00 353536.00 303410.00
48.00 353728.00 303233.00
49.00 353894.00 303050.00
50.00 354075.00 302869.00
51.00 354280.00 302700.00
52.00 354454.00 302527.00
53.00 354635.00 302361.00
54.00 354840.00 302208.00
55.00 355035.00 302039.00
56.00 355253.00 301890.00
57.00 355450.00 301729.00
58.00 355643.00 301580.00
59.00 355850.00 301429.00
60.00 356055.00 301285.00
61.00 356259.00 301153.00



Robotf,  X-axis

Y-axis

62.00 356487.00
63.00 356683.00
64.00 356899.00
65.00 357137.00
66.00 357351.00
67.00 357560.00
68.00 357781.00
69.00 358027.00
70.00 358212.00
71.00 358456.00
72.00 358669.00
73.00 358925.00
74.00 359154.00
75.00 359385.00
76.00 359634.00
77.00 359865.00
78.00 360100.00
79.00 360356.00
80.00 360587.00
81.00 360813.00
82.00 361077.00
83.00 361333.00
84.00 361578.00
85.00 361821.00
86.00 362089.00
87.00 362341.00
88.00 362587.00
89.00 362845.00
91.00 363359.00
92.00 363622.00
93.00 363890.00
94.00 364147.00
95.00 364408.00
96.00 364672.00
97.00 364932.00
98.00 365183.00
99.00 365427.00
100.00 365690.00
140.00 375198.00
141.00 375367.00
142.00 375532.00
143.00 375690.00
144.00 375856.00
145.00 376011.00

301029.00
300904.00
300773.00
300658.00
300538.00
300423.00
300313.00
300215.00
300106.00
300018.00
299924.00
299843.00
299751.00
299666.00
299600.00
299521.00
299446.00
299392.00
299324.00
299264.00
299223.00
299164.00
299113.00
299063.00
299040.00
299000.00
298970.00
298961.00
298905.00
298911.00
298899.00
298914.00
298910.00
298888.00
298917.00
298925.00
298941.00
298985.00
303752.00
303955.00
304135.00
304340.00
304523.00
304740.00

Robotd,  X-axis

Y -axis

146.00 376182.00
147.00 376326.00
148.00 376483.00
149.00 376635.00
150.00 376770.00
151.00 376913.00
152.00 377037.00
153.00 377172.00
154.00 377292.00
155.00 377430.00
156.00 377538.00
157.00 377661.00
158.00 377781.00
159.00 377880.00
160.00 377991.00
161.00 378079.00
162.00 378182.00
163.00 378262.00
164.00 378365.00
165.00 378433.00
166.00 378522.00
167.00 378604.00
168.00 378662.00
169.00 378734.00
170.00 378779.00
171.00 378853.00
172.00 378890.00
173.00 378949.00
174.00 378999.00
175.00 379023.00
176.00 379072.00
177.00 379089.00
178.00 379125.00
179.00 379159.00
180.00 379183.00
181.00 379205.00
182.00 379197.00
183.00 379210.00
184.00 379215.00
185.00 379193.00
186.00 379191.00
187.00 379161.00
188.00 379153.00
189.00 379114.00

304945.00
305162.00
305358.00
305562.00
305790.00
305995.00
306222.00
306426.00
306664.00
306897.00
307133.00
307356.00
307585.00
307831.00
308054.00
308296.00
308525.00
308779.00
309031.00
309281.00
309528.00
309777.00
310035.00
310275.00
310529.00
310769.00
311032.00
311303.00
311561.00
311816.00
312074.00
312338.00
312587.00
312843.00
313097.00
313363.00
313626.00
313894.00
314158.00
314425.00
314681.00
314941.00
315194.00
315446.00
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Robotf,  X-axis Y-axis
190.00 379097.00 315709.00
191.00 379066.00 315981.00
192.00 379012.00 316236.00
193.00 378981.00 316489.00
194.00 378917.00 316749.00
195.00 378875.00 317003.00
196.00 378827.00 317246.00
197.00 378752.00 317494.00
198.00 378704.00 317737.00
199.00 378641.00 317991.00
200.00 378573.00 318250.00
201.00 378480.00 318493.00
202.00 378408.00 318741.00
203.00 378328.00 318988.00
204.00 378221.00 319231.00
205.00 378140.00 319468.00
206.00 378029.00 319701.00
207.00 377942.00 319929.00
208.00 377839.00 320176.00
209.00 377726.00 320425.00
210.00 377598.00 320651.00
211.00 377467.00 320872.00
212.00 377352.00 321109.00
213.00 377230.00 321338.00
214.00 377085.00 321556.00
215.00 376960.00 321779.00
216.00 376835.00 321994.00
217.00 376676.00 322208.00
218.00 376533.00 322436.00
219.00 376371.00 322639.00
220.00 376224.00 322854.00
221.00 376050.00 323058.00
222.00 375900.00 323267.00
223.00 375745.00 323467.00
224.00 375566.00 323654.00
225.00 375387.00 323836.00
226.00 375216.00 324040.00
227.00 375034.00 324243.00
228.00 374841.00 324419.00
229.00 374663.00 324607.00
230.00 374482.00 324791.00
231.00 374277.00 324960.00
232.00 374091.00 325136.00
233.00 373885.00 325293.00

Robotd,  X-axis Y -axis
234.00 373700.00 325460.00
235.00 373483.00 325615.00
236.00 373279.00 325788.00
237.00 373074.00 325953.00
238.00 372858.00 326091.00
239.00 372629.00 326231.00
240.00 372417.00 326387.00
241.00 372207.00 326532.00
242.00 371980.00 326656.00
243.00 371771.00 326792.00
244.00 371533.00 326911.00
245.00 371296.00 327053.00
246.00 371060.00 327184.00
247.00 370825.00 327287.00
248.00 370591.00 327412.00
249.00 370344.00 327510.00
250.00 370112.00 327624.00
251.00 369873.00 327732.00
252.00 369631.00 327814.00
253.00 369379.00 327919.00
254.00 369127.00 328017.00
255.00 368877.00 328087.00
256.00 368629.00 328176.00
257.00 368369.00 328239.00
258.00 368110.00 328322.00
259.00 367866.00 328394.00
260.00 367612.00 328442.00
261.00 367367.00 328505.00
262.00 367103.00 328566.00
263.00 366842.00 328601.00
264.00 366582.00 328654.00
265.00 366327.00 328679.00
266.00 366060.00 328701.00
267.00 365807.00 328744.00
268.00 365553.00 328779.00
269.00 365294.00 328786.00
270.00 365042.00 328811.00
271.00 364778.00 328831.00
272.00 364503.00 328844.00
273.00 364244.00 328832.00
274.00 363979.00 328835.00
275.00 363712.00 328813.00
276.00 363456.00 328811.00
277.00 363203.00 328801.00
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Robotf,  X-axis

Y-axis

278.00 362947.00
279.00 362698.00
280.00 362435.00
281.00 362163.00
282.00 361898.00
283.00 361648.00
284.00 361395.00
285.00 361139.00
286.00 360886.00
287.00 360637.00
288.00 360394.00
289.00 360140.00
290.00 359891.00
291.00 359647.00
292.00 359408.00
293.00 359160.00
294.00 358917.00
295.00 358679.00
296.00 358446.00
297.00 358218.00
298.00 357982.00
299.00 357732.00
300.00 357506.00
301.00 357275.00
302.00 357046.00
303.00 356829.00
304.00 356620.00
305.00 356401.00
306.00 356193.00
307.00 355977.00
308.00 355768.00
309.00 355544.00
310.00 355345.00
311.00 355127.00
312.00 354929.00
313.00 354720.00
314.00 354532.00
315.00 354337.00
316.00 354149.00
317.00 353948.00
318.00 353772.00
319.00 353583.00
320.00 353397.00
321.00 353228.00

328765.00
328749.00
328703.00
3<ns1:XMLFault xmlns:ns1="http://cxf.apache.org/bindings/xformat"><ns1:faultstring xmlns:ns1="http://cxf.apache.org/bindings/xformat">java.lang.OutOfMemoryError: Java heap space</ns1:faultstring></ns1:XMLFault>