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Abstract:

Since robots have higher reliability and accuracy than humans, they have been used ex-
tensively in production factories to perform a wide variety of tasks instead of human workers.
Moreover, humans have mobilized robots to perform repetitive and dangerous jobs that are re-
quired to be conducted in exceptional environments such as outer space—the universe beyond
the earth’s atmosphere—or the bottom of the sea. However, until now, robots cannot entirely
replace humans. Humans can perform the intended tasks in a specific environment, and au-
tomated robots do not reach human adaptability. Therefore, researchers have been trying to
improve the adaptive capabilities of autonomous robots. Concerning autonomous robots, a
robot control technology using visual information obtained from cameras in the feedback loop,
which is named as visual servoing, is expected to be able to allow the robot to adapt to changing
or unknown environments. However, for a robot with vision sensors, such as cameras, it has
been difficult till now to accurately detect the 3D pose (position and orientation) of the target
object, especially if the target object cannot be predefined since the shape is arbitrary.

A model-based method is a way used to realize the visual servoing. Even though it enables
a monocular vision to detect the distance of the target object from a single image, its accuracy is
not enough. Many studies have used RGB-D camera, composed of one RGB camera and depth
sensor with infrared light, to improve the distance detection capabilities of monocular vision.
These studies still rely on the target detection in a single image or segmentation. Although
the RGB-D camera generates a depth point cloud corresponding to the single image the pose

estimation accuracy should be improved for practical applications. Therefore, some studies use
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deep learning methods for target detection. However, this requires a lot of pictures and pre-
training time. Some studies use a model-based approach to simplify preparatory work. Still,
it cannot avoid the disadvantage that its depth distance measurement is inaccurate. Unlike the
RGB-D method, stereo vision is another possible approach to estimate 3D pose.

The author has proposed a stereo vision visual servoing system that uses a 3D model for
the target’s pose detection. The adoption of 3D model to estimate the target’s pose enables
to improve the 3D pose estimation accuracy. However, the process to construct 3D model
in programming was complicated. For producing industrial parts, some other researches use
CAD models because they are readily available from their design phase. Commercial CAD
packages can help shorten the conversion process from CAD model to a model for pose de-
tection. However, for general objects appearing in people’s daily life, e.g., deformable clothes,
it is impossible to describe them in the CAD model. In order to respond to new requirements
and overcome the disadvantages encountered in constructing 3D models, photo-model-based
clothes processing robot has been developed for picking and placing clothes. It simplified the
model making process since this process does not need to predefine the object’s size, shape,
color, pattern, and design in programming language. And more importantly, it can deal with
deformable goods.

This thesis proposes a real-time 6DOF photo-model-based pose estimation method used for
6DOF visual servoing purposes. This method can detect the full pose of a 3D target object.
To the best of the author’s knowledge, no studies have yet been conducted on 3D pose visual
servoing with only 2D photo-model of an object in the real world. What the author wants to
certify by real experiments in this paper is whether a 2D photo-model generated from one photo
of a 3D target can estimate the full 6DOF pose of the 3D target, and whether the estimated pose
can be used for 3D pose visual servoing. And the results have shown that the full pose of an
arbitrary 3D target can be estimated in real-time by using only a 2D photo and it also enables
3D visual servoing to the target. The above results have been confirmed by real experiments

that use a 6DOF manipulator with stereo vision at the end-effector.
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Chapter 1

Introduction

Since robots have higher reliability and accuracy than humans, they have been used extensively
in production factories to perform a wide variety of tasks instead of human workers. Moreover,
humans have mobilized robots to perform repetitive tasks or dangerous jobs that are required
in exceptional environments, such as outer space or the bottom of the sea. However, robots
cannot entirely replace humans because they lack human adaptability. Therefore, researchers

have been trying to improve the adaptive capabilities of autonomous robots.

Visual information is useful for an autonomous robot to perceive its surrounding environ-
ment. The field of robot vision researches how to use visual information to enable robots to
perform some given tasks [1]—[5]. In this field, robot control technology uses visual informa-
tion obtained from cameras in a feedback loop known as “visual servoing” to allow robots to
adapt to changing or unknown environments [6]—[13]. However, a robot with vision sensors,
such as cameras, has difficulties detecting the 3D pose of target objects accurately, especially if

the target object cannot be predefined since the shape is arbitrary.

A model-based method is a way to meet the above challenges and used to realize visual
servoing [14]-[16]. The author’s research results in the field of model-based visual servoing

will be introduced in this thesis.



Chapter 1 Introduction
1.1 Background and motivation

For the development of a robot vision system, it is important to choose a suitable camera config-
uration. Even though the model-based method enables a monocular vision to detect the distance
of the target object from a single image, its accuracy is not enough [17]-[19]. Many studies
have used an RGB-D camera, composed of one RGB camera and a depth sensor with infrared
light, to improve distance detection capabilities to monocular vision [12],[20]-[22]. However,
the RGB-D camera has a major disadvantage: missing depth data caused by the depth sensor.
Some pixels do not have corresponding depth data [23]. What’s more, bright ambient illumi-
nation can affect the contrast of infrared images in active light sensors, resulting in outliers or
holes in the depth map [24]. Unlike optical infrared and electric-field sensing, stereo vision
perceives a greater variety of target material properties and light conditions [25]. It is not de-
pendent on capacitance, reflectivity, or other material properties, as long as the target surface
has some visible features. For the above reasons, the research proposed in this paper is based

on stereo vision, i.e., dual RGB cameras.

The author has proposed a model-based eye-vergence visual servoing system that uses a
3D model for the target’s pose detection [26]. The adoption of a 3D model to estimate the
target’s pose enables the system to improve the 3D pose estimation accuracy. However, the
process of constructing 3D models in programming was complicated. For producing industrial
parts, some other studies use CAD models, because they are readily available from their design
phase. Commercial CAD packages can help shorten the conversion process from CAD model
to a model for pose detection [27]. However, for general objects appearing in people’s daily

lives, e.g., deformable clothes, it is impossible to describe them in the CAD model.

To overcome the disadvantages and difficulties of building 3D models, some studies based
on 2D models have used QR-code or other artificial 2D markers for visual servoing tasks [28].
Some data-driven methods with deep learning techniques use 2D pictures to detect 3D poses

of target objects, they require a large number of pictures and pre-training time [20],[21]. Their

2



Chapter 1 Introduction

application ranges are limited. To establish a more general and practical recognition approach, a
photo-model-based clothes processing robot has been developed for picking and placing clothes
using 4DOF detection results of the 2D photo-model [29]—[32]. This photo-model greatly sim-
plified the model making process since this process did not need to define the object’s size,
shape, color, pattern, and design in the programming language. We hope that the photo-model-
based technology will not be limited to clothes-handling, but have a broader range of appli-
cations, e.g., pursuing and catching aquatic animals that try to escape the visual servoing of
underwater robots. Compared to static clothes, the poses of these or other animals will change
when they are moving. The photo-model-based recognition method needs to be improved to be

applicable to real-time pose tracking.

This thesis proposes a real-time 6DOF photo-model-based pose estimation method used for
6DOF visual servoing purposes. This method can detect the full pose of a 3D target object. To
the best of the author’s knowledge, no studies have been conducted on 3D pose visual servoing
with only 2D photo-model of an object in the real world. The author wants to evaluate whether
a 2D photo-model generated from one photo of a 3D target can estimate the full 6DOF pose of
the 3D target and whether the estimated pose can be used for 3D pose visual servoing. Results
show that the full pose of a 3D target can be estimated in real-time by using only a 2D photo,
which enables 3D visual servoing of the target. The above results have been confirmed by real

experiments that use a 6DOF manipulator with stereo vision at the end-effector.

In this paper, firstly, 6DOF model-based recognition method is introduced as necessary
reference technology. Then, the proposed 6DOF photo-model-based recognition method is
presented in detail. In the end, to confirm the tracking capability of the proposed recognition
method, frequency response experiments to track a target have been conducted using a stereo
vision hand-eye robot. The results show that the robot can track a given target in real-time with
its photo-model and completed the visual servoing task. Furthermore, to verify this capability
in a more realistic environment, the photo-model-based visual servoing system is used to track

a marine creature toy floating on the pool surface without pose restrictions. It is confirmed from

3



Chapter 1 Introduction

the experimental results that the visual servoing robot can be used to capture a moving marine
creature target and is not susceptible to partial occlusion conditions. Hence, these show that the

2D photo-model got from one photo can estimate the pose of the 3D target.

1.2 Aim and objectives

The overall aim of the research presented in this thesis is to develop a real-time 6DOF photo-
model-based pose estimation method for visual servoing application. To achieve this aim, the

following objectives should be fulfilled:

e to develop a real-time 3D pose estimation method with a 2D photo.

e to develop a visual servoing system using the proposed photo-model-based pose estima-

tion method.

e to verify the real-time pose tracking capability of the visual servoing system by conduct-

ing frequency experiment.

1.3 Thesis contribution

Figure 1.1 shows the 4DOF photo-model-based handling robot (pick and place) introduced by
our previous studies [29]-[32]. The proposed system aims at picking up clothes after a robot
recognizes it and classifies the clothes into a collection box. The robot has been confirmed to
be able to identify 12 different deformable clothes [31],[33].

Referring to the real-time pose estimation technology of the model-based eye-vergence vi-
sual servoing robot shown as Fig. 3.17 [34], this paper extends the past 4DOF photo-model-
based method to a real-time 6DOF recognition method for detecting the full pose of a 3D solid
target object. As shown in Fig. 1.2, a photo-model is used for visual servoing so that a visual
servoing robot (VS-robot) can follow a 3D target whose motion is given by a target control robot

(TC-robot), There is no communication between the two robots except vision information.
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Introduction

Dual-eye cameras
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Fig. 1.1: A photo of the clothes handling robot system with dual-eye cameras: PA-10 robot is
equipped with a vacuum unit and two cameras used as stereo vision, where four pads connected
with the air compressor made the robot possible to perform the pick (absorption) and place of
the clothes. In the test, the robot picked up 12 kinds of deformable clothes and classified them,

and set them into the collection box.

Underwater
background

- o i 2 9 Target control
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underwater background
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Fig. 1.2: The motion of the target animal, crab, is given by TC-robot, and the VS-robot moves to
keep desired relative pose of the VS-robot against the crab attached on a panel with sea bottom
backdrop whose motion is given by TC-robot. World coordinate system >y, hand coordinate
system Xy, and target coordinate system ., are depicted in the figure.
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In summary, the contributions of this paper are listed as follows.

e A method is proposed to estimate the pose of a 3D target object by using stereo vision

and only one 2D photo.

e With the proposed pose estimation method a photo-model-based visual servoing robot
(Fig. 1.2) is developed. Stereo vision cameras fixed at the end-effector of the VS-robot

perform the real-time pose estimation of the 3D target based on its photo-model.

e The developed system’s visual servoing abilities to a moving 3D target have been con-

firmed through frequency response experiments.

All above points have helped achieve the photo-model-based visual servoing.

1.4 Dissertation structure

This thesis is organized as follows:

Chapter 2 presents a literature review on robot vision, vision-based approaches, basic

classification of visual servoing, and stereo vision.

Chapter 3 describes the model-based recognition method with detailed explanation on
stereo vision geometry, 3D model-based matching and genetic algorithm (GA). And the

developed eye-vergence visual servoing system is introduced.

Chapter 4 describes experiments of the model-based eye-vergence visual servoing system.
Through these experiments, the tracking ability of the eye-vergence visual servoing sys-
tem is verified. Comparing with the fixed camera vision, advantage of the eye-vergence

vision is confirmed.

Chapter 5 presents the proposed 6DOF photo-model-based pose estimation method with

2D photo. In the early stage of development, it is developed based on the fixed camera
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vision. In the future, it will be used on the eye-vergence vision. Photo-model generation

and 3D matching will be introduced in detail.

Chapter 6 describes the real-time 3D pose estimation and visual servoing experimental

results, followed by discussion and conclusion.

Chapter 7 concludes this thesis.
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Chapter 2

Literature Review

A literature review on some background topics is introduced in this section, relating to this
study and research for configurations of robot vision, visual servo, stereo vision, and object

recognition techniques.

2.1 Computer vision, machine vision, and robot vision

Computer vision (CV) has a dual purpose. From a biological science perspective, computer
vision aims to propose a computational model of the human visual system. From an engineer-
ing perspective, computer vision is designed to build an autonomous system that can perform
specific tasks that human vision systems can achieve (in many cases even exceeding them) [35].
Computer vision aims to use cameras to analyze or understand scenes in the real world. This
discipline studies methodological and algorithmic issues, as well as topics related to the realiza-
tion of design solutions. In CV, people might want to know if a vehicle is driving in the center
of the lane, how many people are in the scene, or may even want to identify a specific person -
all of which can be answered based on recorded images or videos [36].

The differences between computer vision and machine vision are analyzed in detail in
[37]. Machine vision (MV) is concerned with the engineering of integrated mechanical-optical-

electronic software systems for examining natural objects and materials, human artifacts, and
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manufacturing processes in order to detect defects and improve quality, operating efficiency,
and the safety of both products and processes. It is also used to control machines used in man-
ufacturing. [37].

To summarise, the division between MV and CV reflects the separation between engineering
and science. Machine vision systems perform quality tests, guide machines, control processes,
identify components, read codes, and deliver valuable data for optimizing production. [38].
Machine vision must involve the harmonious integration of mechanical handling, lighting, op-
tics, video cameras, image sensors (including visible, infrared radiation, X-ray sensor arrays,
or laser scanners), industrial engineering, human-computer interfacing, control systems, man-
ufacturing, and quality assurance methods. Machine vision is not a scientific endeavor; it is a
branch of systems engineering. [37].

The terms robot vision (RV) and machine vision are usually used interchangeably [2]. How-
ever, there are some subtle differences between them. Some machine vision applications, such
as part inspections (in which parts are placed just in front of the vision sensor to look for faults),
have nothing to do with robotics. [5]. Moreover, RV is not just an engineering field. It is a
science with its particular area of research. Unlike pure computer vision research, robot vision
must incorporate the aspects of robotics into its technologies and algorithms, such as kinematics
and the physical impact of robots on the environment [39]. Visual servoing is a perfect example
of technology that can only be called robot vision, not computer vision [5].

It must be understood that CV, MV, and RV share many terms, concepts, and algorithmic

techniques, but they have different goals and have different priorities to deal with problems.

2.2 Visual tracking and visual servoing

2.2 Visual tracking, also named object tracking, is an important task within the field of computer
vision [40],[41]. It can be applied to many domains, such as visual surveillance [42], human-

computer interaction, and video compression [43].
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In its simplest form, tracking can be defined as the problem of estimating the trajectory
of an object in the image plane as it moves around a scene. In other words, a tracker assigns
consistent labels to the tracked objects in different frames of a video, either in the 2D image

plane or in the 3D object space [44].

Visual tracking essentially deals with non-stationary data, both the target object and the
background, that change over time [45]. Visual tracking of an object involves the detection of
some known object features in the acquired images and the estimation of the object’s position
and orientation (pose) with these features [46]. The target object’s pose estimation is very
important for robot motion. Therefore, not only in CV, but also in RV, a visual tracking system
is essential as a basis for visual servoing, autonomous navigation, path planning, robot-human

interaction, and other robotic functions [47]. However, it does not involve robot control.

Visual servoing is a robot control technology that guides robots with real-time and contin-
uous visual feedback [6],[46]. Visual servo control refers to the use of computer vision data
to control the motion of a robot, and relies on techniques from image processing, computer
vision, and control theory [48]. Visual data can be obtained from a camera mounted directly
on the robot manipulator or mobile robot, in which case the movement of the robot will cause
the camera to move [48]. Therefore, the nonlinear dynamic influence of the entire robotic arm
will affect the stable tracking ability of the hand-eye visual servoing system [49],[S0]. Visual
servoing is a perfect example of robot vision as opposed to computer vision [5]. Due to the high
requirements of visual servoing, a visual tracking technique may not be directly applicable to

visual servoing.

2.3 Classification of visual servoing

This section introduces the basic classification of the visual servoing research based on control

schemes and tracking approaches.
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2.3.1 Visual servoing control schemes

The two archetypal visual servo control schemes are image-based and position-based visual
servo control [51]. Some studies combine the image-based and position-based methods; there-

fore, visual servo control techniques are broadly classified into three major groups [9]:
1. position-based [52]-[54] (pose-based called in [51],[55]) visual servoing (PBVS),
2. image-based [56]-[59] visual servoing (IBVS),
3. hybrid visual servoing [60] (combining PBVS and IBVS).

In IBVS, the control law is based on the error between current and desired features on the
image plane, and does not involve any estimate of the target’s pose. The features may be the
coordinates of visual features, lines, or moments of regions. This is servoing in 2D.

In PBVS, the pose of the target object is estimated with respect to the camera, and then a
command is issued to the robot controller, which in turn controls the robot. In this case the
image features are extracted as well, but are additionally used to estimate 3D information (the
pose of the object in Cartesian space). A kinematic error is generated in the Cartesian space and
mapped to actuators’ commands [61]. This is servoing in 3D.

The advantages and drawbacks of each visual servoing method have been discussed in a
significant amount of studies [51],[61]. Compared with image-based visual servoing, position-
based visual servoing is more understandable, since the method of the visual servo is more
similar to a human being; that is, it determines the object pose in the Cartesian coordinate frame
and leads to Cartesian robot motion planning. Moreover, in position-based visual servoing, the

robot controller and object pose recognition are separated as independent units.

2.3.2 Tracking approaches for visual servoing purpose

To highlight research characteristics, many studies are named after tracking techniques instead

of control schemes (e.g., model-based visual servoing) [62],[63]. Most of the available tracking
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techniques can be divided into two main classes [64]:

1. feature-based approaches [65]-[67],

2. model-based approaches [63],[68].

The feature-based approach focuses on tracking 2D features, such as geometrical primitives
(e.g., points, segments, edges, circles) or an object’s contours or regions of interest. The main
idea of this method is to select a set of feature points, which are matched against the incoming
video to update the estimation pose. Feature-based techniques are naturally less sensitive to
occlusions, as they are based on local correspondences. Several kinds of research apply this
method to head pose estimation by tracking small facial features, like the corners of the eyes or
mouth. [69] presented a head tracking algorithm using stereo vision to overcome the occlusion
problem. However, the tracker needs to know the initial head pose in order to start tracking,
and this is determined by seven corresponding landmark points in each image that are selected
manually.

The model-based approach explicitly uses a model of the target objects, which helps the
robot estimate the target’s pose precisely. The pose includes position and orientation. It then
uses a model to search a target object in the image, and this model is composed based on how the
target object can be seen in the input image [70]. Compared to feature-based methods, model-
based methods have more information about the target object and usually provide a robust
solution. For example, they can cope with partial occlusion of the objects. Our method is
included in this category. The matched degree of the model to the target can be estimated by
a fitness function, whose maximum value represents the best matching and can be solved by a
GA (Genetic Algorithm). An advantage of our method is that we use a 3D solid model, which
enables it to possess 6DOF (i.e., both the position and orientation). In other methods, such
as feature-based recognition, the pose of the target object should be determined by a set of
image points, which means it requires a very strict camera calibration. Moreover, searching the

corresponding points in stereo vision camera images is also complicated and time-consuming
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[71],[72]. However, a model-based matching method adopts a set-point-model form of thinking.
All points on the solid model are projected as a group into a 2D image without the mispairing

problem. As a result, all projections for each point are correct.

2.4 Camera configuration

From the viewpoint of how the cameras are used, Fig. 2.1 summarizes the camera-robot con-
figurations [73]. Camera-robot configurations used in visual servoing control can be divided
into VM1 monocular eye-in-hand, VM2 monocular eye-to-hand, VM3 binocular eye-in-hand,
VM4 binocular eye-to-hand [74],[75], and VM5 redundant camera system [73],[76]. The eye-
to-hand configuration is also termed stand-alone configuration [73]. In this paper, it is called
eye-to-hand [9],[76]. In the eye-in-hand configuration [15], the camera(s) is(are) mounted on
the robot’s end-effector. In the eye-to-hand configuration, the camera(s) is(are) fixed in the
workspace to see the robot’s hand [76]. These methods can obtain multiple different views to
observe an object by increasing the number of cameras. The eye-in-hand configuration has a
partial but precise sight of the scene, since the camera can be placed near targets by a robot hand,
whereas the eye-to-hand camera has a less accurate but global view of the robot and the targets.
However, in the eye-to-hand configuration, a fixed camera position in the workspace reduces
the adaptability of the system for a changing environment since it is fixed. After considering
those factors, an eye-in-hand configuration was adopted in our approach. Although multi-view
stereo with three or more cameras can give more details, it makes a system too complex and
time-consuming [62],[77].

In this paper, the eye-in-hand configuration, i.e., Fig. 2.1 VM3, is used for the research.

2.4.1 Monocular vision and RGB-D camera sensing

A model-based method is an excellent way to solve the above problems using a model of a target

object [14]. Even though it enables monocular vision to detect the distance of the target object
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CAMERA-ROBOT CONFIGURATION

number of cameras

1 2 >2
| | 1
Eye-in-hand  Eye-to-hand Eye-in-hand Eye-to-hand

1
VM1 VM2 VM3 VM4 VMS -

Fig. 2.1: Camera-robot configurations used in visual servoing control (from left to right):
VMI monocular eye-in-hand, VM2 monocular eye-to-hand, VM3 binocular eye-in-hand, VM4
binocular eye-to-hand and VM5 redundant camera system. The eye-to-hand configuration is
also named stand-alone configuration. In this paper, it is called eye-to-hand.

from a single image, its accuracy is lower than that of stereo vision [17]-[19]. Moreover, stereo
vision is more sensitive to an object’s pose variation than monocular vision. Some researchers
use an RGB-D camera, one RGB camera, and a depth sensor with infrared light to improve
the distance detection of monocular vision, and conduct picking and placing or visual servoing
tasks [12],[20]-[22]. RGB-D sensors such as the Microsoft Kinect, Inter RealSense, and the
Asus Xtion are inexpensive 3D sensors. A depth image is computed by calculating the distortion
of a known infrared light pattern, which is projected into the scene [78]. These studies still rely
on the target detection or segmentation from a single image and cannot directly use the depth
point cloud for target detection, although the RGB-D camera generates a depth point cloud
corresponding to the single image. Therefore, many studies utilize deep learning methods for
target detection [20]-[22]. However, this requires a large amount of pictures and pre-training
time. Some other studies use model-based methods to simplify preliminary preparations [79].
But both of these methods cannot avoid the disadvantage of the RGB-D camera, i.e., missing
depth data caused by the depth sensor. Some pixels do not have corresponding depth data [23].
Additionally, bright ambient illumination can affect the contrast of infrared images in active

light sensors, resulting in outliers or holes in the depth map [24].
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2.4.2 Stereo vision

Stereo vision extracts 3D information from digital images, such as information obtained by
CCD cameras. 3D information is extracted by comparing the relative positions of objects at
different positions in the scene information. Unlike optical infrared and electric-field sensing,
stereo vision is more robust for varying target material properties and light conditions [25]. It
is not dependent on capacitance, reflectivity, or other material properties, as long as the target
surface has some visible features. Stereo vision can be divided into two different categories.
One is a two-view stereo with two cameras. This is similar to the stereopsis of biological
processes. The other is a multi-view stereo with three or more cameras, which is commonly
used in 3D projection reconstruction [80]—[82]. Although multi-view stereo can provide more
detail, it also makes the system too complicated and time-consuming. For the above reasons,
the research proposed in this paper is based on two-view stereo vision, i.e., dual RGB cameras

[83].
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Model-Based Recognition

In conventional methods of the stereo vision, the information of a target object is determined
by a set of image points in different images. The object relative pose recognition process re-
quires a time-consuming and complex search of the corresponding points. The Corresponding
Points Identification Problem [84]—[87] has been pointed out as the difficulty existing 3D image

reconstruction from 2D images input from stereo vision (2D-3D method).

In contrast, the author has employed a “Forward Projection,” i.e., a 3D model has been
projected into stereo vision image planes, and the projected 3D models are compared with the
actual target that is also projected naturally onto the stereo vision image planes (3D-2D method).
The merit of this method is that it can avoid the Corresponding Points Identification Problem,
since the points on a 2D model projected to left and right camera images from points defined on

a 3D model have no irregularities in the correspondence of the points in left and right images.

This chapter discusses the methodology of the proposed model-based recognition method
with a detailed explanation of stereo vision geometry, 3D model-based matching, and genetic

algorithm (GA). And the developed eye-vergence visual servoing system is introduced.
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3.1 HSYV color model

HSV (Hue, Saturation, Value) color model is an alternative representation of the RGB (Red,
Green, Blue) color model. Unlike RGB, HSV separates the color type from the color intensity.
It is convenient for color comparison. In this research, it does not need to compare the red,
green, and blue three parameters of color. Only hue is used for object detection. And the HSV
color model is similar to how humans perceive colors. The hue of a color changes little when

the intensity of ambient light changes.

As shown in Fig. 3.1, H (Hue) [0~360) of the HSV color model represents different color
types such as red or blue. S (Saturation) [0O~1] represents a vividness of a color. And it is
represented by the distance from the center of the hue circle. V' (Value) [0~255] represents the
intensity or brightness of a color. It is the axis orthogonal to the circle of the hue circle. The

smaller the Value is, the darker the color is.

The conversion formula from RGB color model to HSV color model is described as below.
7, g, and b represent the red, green, and blue components of the RGB color model. The V' (Value)

is calculated as

V = max{r, g,b}. (3.1
v 1s defined as
v =min{r, g,b}. (3.2)
S (Saturation) is calculated as
0 if(V = 0);
S = (3.3)

(V —v)/V if(V #£0).
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Fig. 3.1: HSV color model.

In the end, H (Hue) is calculated as

;

undefined, if(S = 0);
60(g — b)/(V —v), if(g =2 b,V =r, and S # 0);
H = 43604 60(g—b)/(V —v), if(g<bV =r, and S #0); (3.4)

120 + 60(b — r)/(V —v), if(V =gand S #0);

| 240 +60(r — g)/(V —v), if(V =band § # 0).

3.2 Projective transformation matrix

From the relationship of the central projection as shown in Fig. 3.2, the focal length of the
camera is f, the image center coordinate is (‘zg, yy). And the ratios of unit length on the x
axis and the y axis in the camera coordinate system >~ with unit [mm] and that in the image
coordinate system X; with unit [pixel] is 7,, n,[mm/pixel]. The distance between the origins
of the two coordinate systems is a. An arbitrary point (“z;, “y;, “z) in X¢ is transmitted
through the lens to 3; as image (x;, Ty;). From Fig. 3.2, when the thickness of the lens is not
considered, the coordinate relation between arbitrary points and its image is expressed by the
following relation.

(i —la)n.  a

e (3.5)
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Lens

Fig. 3.2: Projection schematic diagram

, = s (3.6)
The following equation is derived by summing up Eqgs. (3.5) and (3.6).
—Cxi_
T, 1 |a/ne 0 Tzg 0] |y
=z / (3.7
"y ! 0 a/ny "yo Of |“2
— 1 -

Because the distance between the object and the lens is a relatively large value as compared with

the focal length, a can be approximated as the focal length f and expressed by the following
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(3.8)

From this, the projection transformation matrix is denoted to the camera as P and summarized

as follows.

1 f/nx 0 IfEO 0

C ..
= 0 f/ny Iyo 0

(3.9)

3.3 Stereo vision geometry

Figure 3.3 shows the coordinate system of the stereo vision system. The target object’s coordi-
nate system is represented by 5 u and image coordinate systems of the left and right cameras
are represented by >y, and >2;z. The structure of the manipulator and the cameras are shown in
Fig. 3.4. The coordinates of the target object and the manipulator in the experiment are shown
in Fig. 3.17. The difference between S and ¥ is explained in Section 3.6.2. A point ¢ on the
target can be described using these coordinates and homogeneous transformation matrices. At

— —
first, a homogeneous transformation matrix from right camera coordinate system ¢ g to Xy is
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(0.2[m]) (0.115[m]) (0.315[m]) (0.135[m]) (0.261[m]) (0.239[m]) (0.3[m]) (0.1[m))
R A A A

210
(0.12[m])\J¥ T 10
ls. Y10
(0.12[m]

lsr %

Yo T9
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Fig. 3.4: Frame structure of manipulator

defined as “"T);. And an arbitrary point i on the target object in X and 3, is defined as
CRp. and Mr,. Then “Er, is,

By, = BTy Moy, (3.10)
Where M r; is predetermined fixed vectors. Using a homogeneous transformation matrix from
world coordinate system Yy to the right camera coordinate system ¢, i.e., "V T'cr, then Vr;

is got as,

We, ="Tor “Fr,. (3.11)

The position vector of i point in right image coordinates, /#r; is described by using projection

matrix P of camera as,

IRy — p Clyp,. (3.12)

By the same way as above, using a homogeneous transformation matrix of fixed values defin-
ing the kinematical relation from the left camera coordinate system Y.y, to the right camera
cL

5
coordinate system ¢ g, CLT g, “Lr; is

Olp, = L, OFp,. (3.13)
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IRy, 1Ly, is described by the following Eq. (3.14) through projection matrix P.

"y = P “'ry = PR -y (3.14)

Then position vectors projected in the >2;r and X7, of arbitrary point ¢ on target object can be

dIR dIL

describe 7; an r;. Here, position and orientation of 5 o based on ic r has been defined
as 1, which means “%T'; in Eq. (3.10) is determined by ),,. Then Egs. 3.12 and 3.14 are

rewritten as,

IR”“i = fR(’vbMa MTi)

My, = Fr(¥ur, Mri)-

(3.15)

3.4 Orientation representation by quaternion

There are several representations used to describe the orientation of a rigid body. Euler angle is
a well-known one that includes a set of three angles rotating around three coordinates, e.g., z, v,
z successively. A drawback of the Euler angle is the occurrence of representation singularities

(for a manipulator, the Jacobian matrix is singular for some orientation).

An alternative representation is angle/axis, describing the general orientation of a rigid body
as a displacement of an angle around an axis. A general angle/axis representation is not unique
because a rotation by an angle —@ around an axis —k can not be distinguished from a rotation

by 6 around k.

A unit quaternion is different from angle/axis representation. It can represent the orientation
of a rigid body without singularities [88]. For the reader’s convenience, a few basic concepts
regarding the use of a unit quaternion to describe the orientation of a rigid body are summarized

hereafter [89]. As shown in Fig. 3.5, the unit quaternion is defined as

Q=nel(n= cosg, €= smgk), (3.16)
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Q = (77' €1, €2, 83)
_ 0
n=cos>
& = kxsini
&y = kysinz
A Original state B After rotation &3 = szinE

Fig. 3.5: Definition of quaternion in the proposed system.

where k(||k|| = 1) is the rotation axis and 6 is the rotation angle around k. 7 is called the scalar

part of the quaternion and € is called the vector part of the quaternion. They are constrained by
n? +ele=1. (3.17)

It is worth to remark that, unlike the angle/axis representation, a rotation by an angle —¢ around
an axis —k have the same quaternion as a rotation by ¢ around k. Therefore, quaternion can
solve the nonuniqueness problem of angle/axis representation. If the position and orientation
£

of an object ¥); based on the end-effector Xp is Pp,, = [Pan, P yu, P 2a1, €1, 60, 63]7, the

homogeneous transformation matrix can be calculated as Eq. (3.18) [90]-[93].

1 —2e2 —2e2 2(eie0 —nez) 2(ere3 +1me2) Fau
2(g180 +me3) 1 —2e2 — 262 2(ese3 —mer) FPyu
B, = b . (3.18)
2(5163 — 7’]62) 2(5253 + 7]51) 1-— 26% — 26% EZM

0 0 0 1
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3.5 Model-based recognition with Real-Time Multi-Step Ge-

netic Algorithm (RM-GA)

As shown in Fig. 3.6, a 3D-ball-object named as 3D marker is used as 3D target object whose
size and color are known. The sizes of the balls projected into 2D images of left and right
cameras from the 3D model are different because the camera depth distance of each ball is

different.

Fig. 3.6: 3D marker

As shown in Fig. 3.7 (a), the dotted line block named R means a searching space that will
be described in detail in Section 4.2.1. 3; is a model searching for the pose of the 3D marker.
The models have the same 3D structure as the 3D marker. The part of inner circle is named
as S;,, and the part between .S;, and outer circle is named as S,,;. Through the projection
transformation, .S;, and S,,; are projected onto the 2D coordinates of the left image and right
image shown in (b). Then we take the sampling points on the images like (c) and calculate the
fitness F’ (E’I,[J%Z) to evaluate the overlap degree between the model and the object in images.
Through the fitness function, 3D marker searching problem can be changed to an optimization
problem. For real-time pose estimation, the optimization problem has been solved by Real-Time
Multi-Step Genetic Algorithm (RM-GA). The pose of j-th 3D model based on the end-effector

5 g 1s defined by chromosome
xT Yy z €1 £92 €3
10---1011---0101---1011---1010---1010---01.
—_———  ——

12[bit] 12[bit] 12[bit] 12[bit] 12[bit] 12[bit]
Firstly, fitness function is explained. Each model has three small circles S;,, and two rings
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3D Searching
models

R: Searching Space "

Sin,R Sin,B
(d) Completely overlap

Fig. 3.7: (a) shows the searching space. And searching models are projected into 2D images
(b). Sampling points are shown in two images (¢). When a model completely overlap the object
(d), its fitness function gets the maximum.

Sout- The relative positions of circles and rings in 3D space are unchanged. Each pair of circle
and ring corresponds with a color, and three pairs of circles and rings are corresponding to red,

green, and blue.

As shown in Fig. 3.7 (d), inner portions of a model corresponding to three balls are S;;, g,
Sin.cc and S;;, p. Similarly, the three outer portions are Syyu: g, Sout,c and Spye, 5. Each pair of
circle and ring corresponds with a color, and three pairs of circles and rings are corresponding
to red, green, and blue. S;, r of a model has 36 sampling points. S, r of a model has 24
sampling points. The green and blue portions of a model have the same number of points as

that of red portion. Therefore, the sum of sampling points of a model is

s = Ygin + Zsout = 3 X 36 + 3 x 24 = 180. (3.19)

To determine which solid model is closest to the real target, a correlation function, i.e., fitness
function is defined for evaluation. As shown in Eq. (3.21), the hue of each sampling point 7; is

compared with a fixed hue H,, corresponding to the color of ball. For red, green, and blue balls,
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their fixed hue value H, is set as Hr = 0, Hg = 120, and Hp = 240 respectively. The hue
value of a pixel of a captured image overlapped by r; is h,,. If h, is near to H,, the calculate
value of 7; is p(r;) = 1. Otherwise, p(r;) = —1. For the concision of Eq. (3.21), about red ball
u = R, the judgement condition hr € [Hr — 20, Hr + 20] of p(r;) = 1 is an abberation of
hr € ([0, Hr + 20] U [Hr — 20 + 360, 360]), i.e., hr € ([0, 20] U [340, 360]) . The judgement
condition of p(r;) = —1 is the complement of that of p(r;) = 1. As shown of Eq. (3.22),
the sum of p(r;) of all the sampling points in a model %; is defined as fitness F'(¥ v,bjﬁ) The
higher coincidence degree between the inner portion of a model and the corresponding ball of
the image is, the higher fitness is. Conversely, the higher coincidence degree between the outer
portion and the corresponding ball of the image is, lower fitness will be. The fitness function is
defined by Eq. (3.22). When the searching model >; completely overlaps to the target object

like (d), then the fitness function gives maximum value

Frnaa (") = 5, /S = 180/108 = 1.67. (3.20)

1 (h, € [H, —20,H, + 20],u = R, G, B),
p(r;) = (3.21)
—1 (hy ¢ [H, — 20, H, +20],u = R, G, B).

F(® ;7): ( Z p("ry) — Z p(IR”“z‘))/nR,m

SR,in(CR"/’%;) SR,out(Cij’ﬁ)

+( o) =Y p(IL”“z‘))/”L,m /2

ILriG IL'r'iG
Spin(CEwl)  Spoui(CTel)
_ CR,,j CL,j
= { PR + PRyl ) /2 (322)
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st generation 2nd generation

Pl
=

g

Genes are evolved by selection, crossover
and mutation.

g

Final generation i-th generation

Genes that define model’s position and
orientation are scattered in searching space.

Position and orientation of all genes G di !
concentrated to the one of real target object. enes are concentrate 1nt0' real target
object through evolutions.

The gene with highest fitness value represents
true position and orientation of target object.

Fig. 3.8: Evolution process, 3D models converge into the real target object.
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/ Input new image /
i

Initialization
Random creation of population of

pop size individuals

A
v

Evaluation
Calculate fitness value of each individual

!

Sorting

| Input New Image|

Sort individuals based on fitness values

v

Selection
Select top ranking individuals to create

new individuals in replacement of
weak individuals

!

Crossover
Mutation
Random two pair mates among selected
top ranking individuals and random
two-point crossover, followed by

random bit by bit basis mutation

Termination Condition
33[ms]

Output

Position and orientation of
the best individual

Fig. 3.9: Flow chart of RM-GA.
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The evolution process of RM-GA is shown in Fig. 3.8. At first, models of the target object
whose poses are represented by genes are scattered in the search space. Then the fitness of
each model is calculated. Through selection, crossover, and mutation, a new generation with
the same number of models as the last generation is generated. The models converge to the
real target though evolution progressing. In the final generation, the gene Et/Jﬁ that gives the

highest fitness value can be thought true pose of the real target.

The following is summarized explanation about the real-time pose (position and orientation)

tracking method as shown in Fig. 3.9. About this method,

1. genes are randomly generated to define the poses of the models.

2. These 3D models are projected onto the left and right camera images.

3. The correlation degrees between the 3D object captured by the left and right cameras and

the projected models are calculated through the fitness function.

4. The correlation degrees are utilized to evolve genes representing position/orientation.

5. Because the time for transferring one frame of video to the memory is 9.2[ms], the re-
maining time within the video rate 33[ms] is 33 — 9.2 = 23.8[ms]. During this time the

genes can be evolved nine times by GA.

6. The position/orientation of the model giving the highest fitness among the genes evolved
at the time of 23.8[ms] is taken as the position/orientation measurement result of the 3D

object at that time.

By repeating the above steps 2 ~ 6, it is measured that the position/orientation of the object in

the moving image continuously input at the video rate.
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3.6 Eye-vergence visual servoing system

3.6.1 Advantage of eye-vergence visual servoing system

Comparing with a fixed eye system that cameras are fixed to the hand, there are advantages in
the eye-vergence system, where cameras can rotate. As shown in Fig. 3.10 (a), in terms of the
fixed eye system when an object is near to the cameras, it may not be recognized. In addition,
in (b), the common visible region of the two cameras is narrow. In (c), even if the object is in a
visible region, it is not captured to the center of the camera image field. There is an aberration
problem because an object is easily affected by lens distortion, which causes the object in the
periphery of the lens to become larger. To avoid lens distortion problems, in this paper, both
cameras have the flexibility to change the angle to capture the object in the center of the image.
Because it is possible to change the orientation of the camera, as shown in Fig. 3.11 (a)-(c), it
improves the performance of observing the object. Corresponding to the problems in Fig. 3.10
(a)-(c), as shown in Fig. 3.11 (a)-(b), the proposed system expands the binocular view zone.
And as shown in (c), it becomes possible that observing an object at the center of the lens. It
can be avoided that the distortion of the input image generated by the lens aberration.

In the eye-vergence system shown in Fig. 3.11, because it is possible to control line-of-
sight direction of cameras for catching object in the center of images, the cameras can continue
gazing the object in the visual field center [94]-[96].

In the application of visual servoing it is necessary to keep stability so that the object should
stay in vision field of cameras. Figure 3.12 (a) shows that cameras can catch an object. (b)
shows that the cameras are fixed to the hand. When an object moves fast, it disappears from
the view field of the camera, and the control system may fall into a dangerous state to move
aimlessly. Thus, in the visual servoing system, it is important to raise the trackability that
cameras can continue catching the object in the camera field of vision. In addition, it is thought
that eye-vergence system has better tracking property than the fixed eye system because the

mass and the moment of inertia of the camera are relatively smaller than the whole manipulator.
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)
(a) Cannot be seen when the (b) Smaller possible (¢) Not in the center
object near to the cameras sight area of the sight

Fig. 3.10: Disadvantages of Fixed Camera System.

59 | o

(a) Can be seen when the (b) Bigger possible (¢) In the center of
object near to the cameras sight area the sight

Fig. 3.11: Advantages of eye-vergence system.

As shown in Fig. 3.12 (c), the trackability can be raised by adding eyes’ controller.

3.6.2 Symbol meaning

M represents the object and M represents the estimated object. Then 5 a denotes the coordinate
system that moves along with the object. The relationships between coordinate systems such as
the actual pose of the hand 5 g or the recognized pose of the object iﬁ are shown in Fig. 3.18.
5 represents a coordinate system moving in the world coordinate system >y,. The coordinate
system represented by X keeps fixed in Xy . f] IR f] Eds f] A and iﬁ are all moving in Xyy. Ygo,

Ypc and X0 keep fixed in the world coordinate system >y .
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Recognize

(¢) Eye-Vergence System

Fig. 3.12: Dynamical advantage of eye-vergence system.

3.6.3 Generation of desired-trajectory

Fig. 3.13 shows the relationship between the hand and the object. Xy is the world coordinate
system, and 5 u 1s the coordinate system fixed on the object. Furthermore, the coordinate
system of the actual hand and its target coordinate system are represented by 5 B 5 gq- The
relative position/orientation relationship between the target state of the hand and the object is
represented by the homogeneous transformation matrix “?T,;. And the relationship between
the actual hand and the object is represented by “T},. At this time, the difference between 5 B

and f] 5q is expressed as “Ty. And T, can be described as follows.
ETpq(t) = FTo()P4T, (1) (3.23)

(3.23) includes an arbitrary motion “T,(t) of the object represented by 5 p and the relative

time-varying visual servo target trajectory “4Ty,(t) represented by the arbitrary target posi-
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Actual Object

Y7

M etected Object

Actual End
Effector

¥
Desired
Camera

Y Ed Desired

Trajectory End
Effector

Fig. 3.13: Motion of the end-effector and object.

tion/orientation of the robot hand 5 gg B T (t) is measured by online model-based recognition
method [15],[52] that uses the velocity/angular velocity information of the hand as feedforward
information and a moving image recognition method GA [97] to recognize moving image se-
quence input at video rate. When the estimated object is represented by iﬁ, it is general that
an error M T’ exists between the actual object 535, and the detected object iﬁ Here, we re-
construct the position/orientation error “Ty4(t) of the hand represented by Eq. (3.23) based on
the object iﬁ estimated as follows.

PTpa(t) = PTg(t) Tpa(t) (3.24)

When Eq. (3.24) is differentiated with respect to time, the following equation is obtained.

Ffpa(t) = PT ()M Tia(t) + P (6) M Ta(t). (3.25)
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Yy + _ Objective

Cartesian Hand visual servoing loop
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Fig. 3.14: Hand & Eye-vergence Visual Servoing System. MFF is motion-feedforward.

Here, M, Tga, M, TEd is given in advance as the target trajectory of the visual servo, and * Tﬁ,E Ty
is observed by RM-GA. "T4(t) and “T'4(t) are the position/orientation error between S and
5 pq and its time differentiation, which is necessary when constructing the controller. As shown
in Fig. 3.13, there are two errors that should be O in the visual servo process. One is the

recognition error between the actual object and the detected object T, and the other is the

error of the motion control given by the target state of the hand and the actual hand *T},.

3.6.4 Hand visual servoing controller

The proposed visual servo controller consists of two portions, hand position/orientation con-
troller and sight line controller. Its block diagram is shown in Fig. 3.14. The hand visual
servoing is the outer loop. In the figure, the notation “MFF” in the block marked “Pose Pre-
diction” is the abbreviation of “Motion Feedforward.” When the moving speed of the object in
the image is calculated, it is necessary to think about the influence of the position/orientation
changes of the hand because of its velocity/angular velocity. “MFF” is a method that advances
the evolution of the GA using the moving speed of the object to predict the object position after

33[ms] of the video rate [15].

Vo= Kpp"rppi+ Kvp" 7554, (3.26)

35



Chapter 3 Model-Based Recognition

Using the motion trajectory of the hand discussed in the previous section, the target speed
W, of the hand is calculated by PD control law as Eq. (3.26). W rg g, is the position vector
from the origin of f]E to the origin of iEd expressed in Yy in Fig. 3.13. And Wrp g, is its

Wrg pa V7 pa are obtained from ¥T, and T, using the coordinate

time differentiation.
transformation from f]E to Y. Kpp = diag(0.4,0.4,0.4)[1/s] is a spring constant. Ky p =
diag(0.1,0.1,0.1)[dimensionless] is a positive definite diagonal matrix representing viscous
damping coefficient. The target position/orientation of the hand is Wy} = [Vl W el T We,
is the target orientation expressed by quaternion, and the target angular velocity vector "V w, of

the hand is calculated by the following equation.
Ywi = Kpo" R5"Ae + Kvo" Rp"wp pa, (3.27)

Here, ¥ Ae is the deviation of the quaternion, which is the orientation error of the object repre-
sented by Y1, and is obtained directly from the recognition result T}y by RM-GA. Because

S(w)?Rpy = PRy, is established [98], therefore,
S(w) =PRps" Rz}, (3.28)

where S(w) is skew-symmetric matrix and described as Eq. (3.29)

0 —w, wy
S((.U) = W, 0 —Wy | - (3.29)
—Wy Wy 0
Therefore, *wp pg = [ws, wy,w,|" can be derived from Eq. (3.28) with the rotation matrix

P Ry, contained in “T}, and its time derivative ¥ Ry, contained in “Ty.

Kpo = diag(0.4,0.4,0.4)[1/s] is spring constant. Ky o = diag(0.1,0.1,0.1)[dimensionless]

is a positive definite diagonal matrix representing viscous damping coefficient.
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The arm robot PA-10 (Mitsubishi Heavy Industries, Ltd.) used in this research has one

redundancy degree of freedom. Because this paper does not consider redundancy;, it is removed

by setting the target angle ¢4 of the first link to 0. Therefore, the target angle of each link

from the target position of the hand can be determined by inverse kinematics. And the target

joint angle qrrq = [0, g2g; ---, gza] T of the robot hand and the angular velocity ¢z, are defined as

follows.

ana = F ' (M)

W,’;.d

i = Kpro(qua — qu) + J(q)

Wwd

(3.30)

(3.31)

Here, f~!("ap,) represents inverse kinematics, and K pg = diag(0.2,0.2,0.2,0.2,0.2,0.2,

0.2)[1/s] is a spring constant. The first term on the right side of Eq. (3.31) is feedback, and the

second term gives speed and angular velocity as feedforward. J*(q) is a pseudo inverse matrix

of the Jacobian matrix obtained by partially differentiating the hand position/orientation with

the joint angle vector.

Yg |  Inverse qua
kinematics

E
Desired Desired- ;:Ed Desired | Velocity
Trajectories of || u tory = Ly g;] L tiy W‘f’d
Hand generation [“WE ga) culation Tq Block
1
FOTy, PITy L_ . Handvisual servoingblock ___ 1| =
. _c: """""""""" 1 Gca
E .
Bp | Ty /amera qcd L Velocity ' dca
7 s inverse Controll t
Er 1 Pz . . ontroller 1
T M | kinematics
M| ! 1
1 1
1

Eye-vergence servoing block

44 = a5 45"

44 = [aTa aCd"

|Robot Joint Angle
Velocity Servo Amp.
9a_ )t =Ksp(qa - L))
a, +Ksp(Ga — @)

q
T | Robot n
Dynamics 9

11

Motion-FeedForward

Right camera image
Recognition by model-based

matching and Multi-step GA | Left camera image

Robot Forward
Kinematics

= f(q)

N T=J@)e

Fig. 3.15: Block diagram of the hand and eye-vergence visual servoing system.
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3.6.5 Eye-vergence visual servoing controller

As shown in Fig. 3.14 eye-vergence visual servoing controller is the inner loop shown by the
broken line. In this paper, two pan-tilt cameras are used for eye-vergence visual servoing. The
cameras are attached to the hand and can rotate. g represents the tilt angle common to the
left and right cameras. And gy and g, represent the pan angles. As shown in Fig. 3.16, Pz,
By and Fz4; represent the position of the object detected in the hand coordinate 5 g. The
block that controls eye-vergence is shown in the center of Fig. 3.15. Desired camera angle
T

qcd = [gscd, Qocd, Qroca) 1s calculated by using the length defined in Fig. 3.16.

gsca = atan2(Pyzp, Pzgp) (3.32)
goca = atan2(lsg — "agp, Pz57) (3.33)
qoca = atan2(lsy + P57, P217) (3.34)

Here, ls;, = lsg = 120[mm)] represents the position of the camera from the origin of >z, and
the center line in the sight line of the camera is the z axis of left and right camera coordinates.

The target joint angular velocity goq = [dsca, Goca, Groca) Of eye-vergence is

Gicd = KP(QiCd - q@') (Z = 38,9, 10) (3.35)

Gica 18 input to the pulse motor for camera angle control as a pulse train. Here, Kp = 1
represents the spring constant. Further, g; = [q},4, ¢t4]" and ¢, are constructed from qp4, Gra
in equations Eq. (3.30), Eq. (3.31) and g4, qcq in equations Eq. (3.32)~(3.35) Input torque to

the robot using 7 = |15, 72]" is determined by the following equation.

T=Ksp(qa—q) + Ksp(qa — q) (3.36)
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Detected Object

Right

Camera camera
(a) Tilt angle qg (b) Pan angle g4 and q;,

Fig. 3.16: Definition of tilt and pan angles with relation of detected object

Kp in the above equation is a spring constant and Kgp is a matrix representing viscous
resistance. (3.36) is an operation within the servo amplifier of the robot, and the output of the
controller is gy, in Eq. (3.31) and ¢;cq(i = 8,9,10) in Eq. (3.35). The control formula Eq.
(3.36) of the robot’s hand and camera gaze direction is located in the right block on the top of
Fig. 3.15. The block that controls the position/orientation of the hand is shown on the left side
of the upper row, and the control output torque 7 is determined together with the outputs g¢y,
gcq of the eye-vergence control block and the outputs qx4, g4 of the hand section doing.

The bottom row of Fig. 3.13 shows the forward kinematics of the robot. After correcting
[52],[99] by MFF (Motion Feedforward) of the position/orientation of the marker captured in
the camera image by this relation and the mapping to the left and right cameras, the moving

image is real-time recognized by RM-GA.

3.6.6 Definition of gazing point

In order to evaluate whether the directions of the sight lines of cameras are controlled so as to
take photos of the object at the center of the camera image, the gazing point of the camera is
defined. As shown in Fig. 3.16 the point of intersection of the sight lines of the left and right
cameras is defined as the gazing point of the cameras. As shown in Fig. 3.16 (a), because the
two cameras are installed on a common plate and are rotated by ¢s, the sight lines of the cameras

have always an intersection in three-dimensional space. Because the gazing direction of the two
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cameras is scanned in the xp — zp plane of 5 r which is fixed to the hand, the y coordinate of
the gazing point represented by 5 g 1s always —100[mm] .
The motion of object M, end-effector £,detected object M. , and gazing point (G in the x-axis
EC,.  EC

of Y g are represented by ““x s, F¢zp, F€zq and FC2 7, as shown in Fig. 4.3. The distance

between object and end-effector (hand) is expressed as

Aiyg = %% — BYp, (i = 2,9, 2). (3.37)
Tracking error of detection is
ANiy = %y — Pl (i = 2,y, 2). (3.38)

Tracking error of end-effector(hand) is

Aiggp = %Cigg — ¥, (i = z,y, 2). (3.39)
Tracking error of the gazing point is
Niyg = "Cing — ", (i = 2,9, 2). (3.40)

As shown in Fig. 3.18 and Eq. (4.4), the desired value between object and end-effector is
Axye =0, Ayyp = —100[mm], Azyr = 545[mm]. And of cause, the desired tracking error

between gazing point and end-effector is 0, i.e., 7,77 = 0 and igqp = 0.

As shown in Fig. 3.20, the gazing point based on 5 g is represented by ¢9 and ¢1p. And

0 < g9, q10 < 7/2. The following equation can be obtained.

E
Vel ™
T = tan(= — 341
120 +£ ¢ an(g =~ ) (34D
E
zZG ™
" = tan(= — 3.42
240 — P an(3 — ) (342)
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Therefore,
240tan (% —
By = 2A0tan(s — &) 120, (3.43)
tan(5 — quo) + tan(f — qo)
240tan(Z — tan(Z —
B — 230tan(5 ~ Go)ten(s = o)y (3.44)
tan(5 — quo) + tan(5 — qo)

1235mm

Fig. 3.17: The 3D marker and the eye-vergence visual servoing system
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— Reciprocating motion Farthest

Desired
Trajectory

150

Fig. 3.18: Target object and definition of coordinates depicted in the x-z plane of X g¢. Initial
position of the object is represented by Xy;0; actual object Xj; detected object X47; initial
position of the hand Xz ; actual end effector 5 £, and desired end-effector 5 Eaq- At this moment

orientation © Ae in Eq. (3.27) is not zero vector.
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Fig. 3.19: 3D maker and coordinates in the y-z plane of X g¢.
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Fig. 3.20: Enlarged drawing of Fig. 3.18 with gazing point. As shown in Eq. (4.4) Pdap); is
desired pose relationship between object and end-effector with respect to coordinate frame > p.
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Experiment of Model-Based Eye-Vergence

Visual Servoing System

4.1 Lateral visual servoing

In order to confirm the tracking ability of the proposed eye-vergence visual servoing sys-
tem, tracking experiments have been conducted in which the target object reciprocates along
a straight lateral trajectory. Experiments were conducted to verify the effectiveness of the
hand & eye-vergence visual servoing system through PA-10 robot arm manufactured by Mit-
subishi Heavy Industries, LTD. And two rotational cameras manufactured by Sony Industries
are mounted on the end-effector. The resolution of dynamic images is 640 x 480 [pixel]. The
frame frequency of stereo cameras is set as 30[fps]. These experiments are divided in to three
groups, i.e., z-position tracking, 3DOF position visual servoing, and 6DOF position/orientation
visual servoing. Each group includes several experiments in which the angular velocity of the

object are set as w=0.314, 0.628, and 1.256[rad/s] separately.
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4.1.1 Experiment condition

As shown in Figs. 3.18 and 3.17, EO, MO and EC represent initial hand pose, initial object
pose and midpoint of round-trip tracking movement of the end-effector respectively. Therefore

their coordinate systems are defined as Yz, X gc and X0 separately.

The homogeneous transformation matrix from >y to X and Yy, are:

0 0 -1 —690[mm]

W 1 0 0 O[mm)]
Trco = 4.1)

0 -1 0 485[mm]

0 0 O 1

0 0 —1 -—1235[mm]
W 1 0 0 —150[mm)]

Tyvo = . 4.2)
0 -1 0 585[mm)]

0 0 O 1

Target object motion function is

MO u(t) = 150 — 150 cos(wt)[mml]. (4.3)

Target position and orientation relationship between the object and the end-effector is set as:

Edap g = [0, —100[mm], 545[mm], 0, 0, 0]. (4.4)

The object is subjected to reciprocating motion of the sine wave in orbit. Pose relationship of

the coordinate system of the object and the visual servoing system are shown in Fig. 3.17.
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4.1.2 Tracking experiment without recognition

The tracking of the manipulator by visual servoing includes both time lag of recognition and
motion delay of the robot. In this section the motion trajectory of the object is given to to
robot. The robot do not need to detect the pose of 3D marker. In this case, Eq. (3.38) satisfies
Ai,,77 = 0. This is equivalent to assuming a situation where there is no delay in recognition
and no recognition error, and it is possible to consider only the motion control performance of
the robot.

The experimental results in the case of directly giving the position/orientation indication
value are shown in Fig. 4.1. (a) is the situation of w = 0.314[rad/s|(Period 20[s]), (b) is
0.628[rad/s](Period 10[s]) and (c) is 1.256[rad/s](Period 5 [s]). £z, is the x coordinate of the

dEC

object, and the dotted line marke xp represents the tracking result of the end-effector. The

solid line with Cz( represents the trackability of the eye-vergence system. In (a) ~ (c), all

EC h EC

T matc 2, and the gazing point follow the object position without delay. As shown in
Fig. 4.1(d) and (e), each experiment is carried out for 60[s]. Furthermore, the gain curves and
the phase curves are depicted by the experimental data in the periods of 30[s] (0.209[rad/s]),
25[s] (0.251[rad/s]), 20[s] (0.314[rad/s]), 15[s] (0.419[rad/s]), 10[s] (0.628[rad/s]) and 5[s]
(1.256[rad/s]). The solid line (D) in (d) is 20log(a,c/a.nr) calculated with a,,, and a, defined
in (a). Furthermore, the dashed line ) in (d) shows 20log(a,/a.). In the phase curve of (e),
the solid line (T) represents /FCxq — ZFCx),, the dashed line @) represents £/ FCxp — /FCx,,.
The gain and phase curves of the eye-vergence system are represented by (I) in (d) and (e)
respectively. On the other hand, the gain and the phase curves of the hand are represented by
@ in (d) and (e) respectively. Up to w = 0.24[rad/s], the x coordinate position of the hand can
follow the object. Moreover, it can be seen that the gain characteristic of the hand represented
by the broken line @) in (d) can be approximated by the first order lag system. The break
frequency is w = 0.24[rad/s] indicated by @ in (d). It can be seen that the gain decreases

due to the increase of the frequency of the motion of the tracked object in (d). The amplitude

of the hand gradually becomes smaller than that of the gazing point of the camera. The phase
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of the hand shown in ) of (e) is also delayed. However, the gain characteristic of the eye-
vergence system represented by 20log(a,c/azpr) in D in (d) is almost O[dB]. Therefore, in the
range up to w = 1.256[rad/s|, the system can constantly capture objects in the center of the
cameras’ field of vision. There is hardly delay in the phase of eye-vergence shown in (I) of (e).
In summary, the motion characteristic of eye-vergence is superior to that of the hand. And it is

expected that the tracking performance to the object is good.

4.1.3 Position 3DOF visual servoing experiment

Figure 4.2 shows the x, y and z coordinates of the object recognized by RM-GA and also shows
the time response waveforms of the object, end-effector and gazing point when visual servoing
control is performed. For orientation, the correct value € = 0 is always given. From Eq. (4.2),
the target orientation of the object is €4 = [0,0,0]. And in Eq. (3.27) “Ae = 0. In this
case, only the position is controlled by visual feedback, so the orientation of the end-effector is

consistent with €4, and there is no error.

Comparing (a), (b) and (c) of Fig.4.2 with those of Fig. 4.1, it can be seen that the derivation
between the position of the gazing point ““z and that of the object ““z,, is larger than the
corresponding derivation in Fig. 4.1. That is, recognition error exists. The data of (d) and (e)
of Fig.4.2 are the maximum amplitude of the tracking experiment result of the object, gazing
point and end-effector of the periods 30[s], 25[s], 20[s], 15[s], 10[s] and 5[s]. And it is shown
in the same way in Fig. 4.1. The track characteristic of the end-effector shown in 2) of Fig.4.2

is not much different from that at the time of Fig. 4.1.

In addition, as shown in (I) of (e) of Fig.4.2, the track characteristic of the phase of the
eye-vergence system is slightly delayed as the motion speed of object increases. Therefore,
although the system is slightly delayed due to the recognition process, it can be seen from (I) of
(d) the tracking performance of the object represented by the gain curve does not substantially

affect.
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Fig. 4.1: True object’s desired pose is directly given to the system, which guarantees the pose
tracking recognition error to be zero. So in this figure, only the delays made by dynamic influ-
ences is evaluated. And the figure shows the camera can track the object much better than the
end-effector.
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Fig. 4.2: The object’s pose ¢4, €2 and €3 are assumed to be given to servoing controller and the
object’s pose x, y and z are recognized by camera.
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4.1.4 Pose 6DOF visual servoing experiment

Real-time recognition of the six variables of position/orientation using RM-GA and control of
hand position/orientation and Gazing Point have been performed. Figure 4.3 shows position x
response examining results with w = 0.314,0.628, 1.256 [rad/s].

In Fig. 4.3, (a.1) shows data “%z,,, PCx, PC0q of w = 0.314 (T=20[s]), (b.1) shows their
data of w = 0.628 (T=10[s]), (c.1) shows their data of w = 1.256 (T=5[s]). (a.2), (b.2), and
(c.2) show Ax gy, which means the delay of the hand in the x-axis direction, and Az ;4, which
means the delay of the eye-vergence. Comparing ““x¢ shown in Fig. 4.2 (a) ~ (c) and that

fEC

shown in Fig. 4.3 (a) ~ (c¢) , the error o z¢ in Fig. 4.3 (a) and (b) increases. In particular, it

can be clearly understood by comparing the time around 20 [s] and 40 [s] in both figures.

fEC’

As shown in (c.1) of Fig. 4.3, the amplitude of ““ ¢ is almost the same as the amplitude of

EC g (150[mm] ). It can be seen that the position of the gazing point on the x axis ““ z follows
the object ““x,;. However, there is a delay in the phases of *“z comparing with #“z,, . As
shown in Fig. 4.3 (c.1), the end-effector amplitude ““z 1 is reduced to approximately 50[mm],
while ““z,,; is in amplitude 150[mm] periodic motion. It can be seen that although the RM-GA

t C2¢ can still

is identifying, the tracking range of the end-effector reduces significantly. Bu
follow, the fact indicates that the inertia of the entire robot is large, and the inertia of the eye
itself is small, which is conducive to continuous tracking. In (a.2), Az, is very small, and
Axpqp vibrates about 80 [mm)].

Therefore, in the T=20[s] experiment, the end-effector tracking has been slow, but there is
no delay in the tracking of gazing point. Under the condition of (b.2) T=10[s], the amplitude of
Axgqp further increases to 110 [mm]. The effect of eye-vergence can be seen from (a.2) and
(b.2). In (c.2), Both Az);¢ and Axgyp have large fluctuations, and gazing point cannot track
3D marker.

Figure 4.3 evaluates the tracking characteristics of the 3D marker represented by > p¢ in

the x-axis direction. Figures 4.4 and 4.5 are evaluated in the y-axis and z-axis directions result.

They differ from the frequency response in the x-axis direction, because the 3D marker does not

50



Chapter 4 Experiment of Model-Based Eye-Vergence Visual Servoing System

EC

Xm EC

x position[mm]
o

E ch —

0 10 20 30 40 50 60
Time([s]
(a.1)Position at x direction in £ EC

EC

EC

é 120 Axpg = "xy — “"%g
§ 80
5 40
s 0
£ 40
8
S -8
x

120 Axgag = Expq — Exp

-160

0 10 20 30 40 50 60
Timel[s]

(a.2)Error at x direction in LEC
(@) w=0.314 (T = 20[s])

Xm EC

Xg

x position[mm]
o

Xg W —
0 10 20 30 40 50 60
Timel[s]

(b.1)Position at x direction £ EC

200

160 _ EC

_ EC
120 p Axyg = *Cxym

X6

80
40

-40
-80
-120
-160

X position error[mm]

.30 40 50 60
Time[s]

(b.2)Error at x direction in Z EC
(b) w = 0.628(T = 10[s])

x position[mm]

Time[s]
(c.1)Position at x direction in ZEC

EC

EC
XEa — XE

AXpap =

x position error[mm]

\ 5

Axyg = ECxy = Fxg

0 10 20 30 40 50 60
Time[s]

(c.2)Error at x direction in Z EC
(©) w =1.256(T = 5[s])

Fig. 4.3: Movements of end effector ““x 1 and gazing point ““z on the x-axis direction in the
center coordinate system of hand X z. On condition that the object’s pose X, y, z, €1, €2 and €3
are recognized RM-GA.
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Fig. 4.4: Movements of actual object ““y,, end effector ““y 1, gazing point ““y¢ and desired
end effector position 'y, on the y-axis direction in the center coordinate system of hand X ¢
on condition that the object’s pose X, y, z, €1, €5 and €3 are recognized by RM-GA.
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Fig. 4.5: Movements of actual object ““z;, end effector 2y, gazing point ©“ 2 and desired

end effector position ““ 24 on the z-axis direction in the center coordinate system of hand X ¢
on condition that the object’s pose X, y, z, €1, €5 and €3 are recognized by RM-GA.
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Fig. 4.6: Changes of orientation ¢; of hand and detected object during tracking movement.
Target values are ““c; = 0 and F%¢,;; = 0 respectively.
move in the y- and z-axis directions, so the position target value is always zero. In the frequency
response experiment shown in Fig. 4.3, the y-axis motion result of each variable is shown in
Fig. 4.4. As shown in Fig. 3.19, the camera is 100[mm] higher than the hand in the y-axis
direction, and the positive direction of the y-axis is downward, so the target position of the hand
shown in Fig. 4.4 is £Cy 4 = 0, the target position of the gazing point is -100[mm].
Comparing (a.1), (b.1) and (c.1) in Fig. 4.4, it is shown that no periodic oscillation occurs.
It can be seen that the gazing point “y oscillates around —100 [mm], the same height as the
object. In addition, the magnitude of the gazing point deviation Ay, is smaller than the hand
error Aygqp. As the frequency of marker movement increases, the fluctuation of the motion
trajectory of the hand and the gazing point gradually increases. In addition, like 'y, from (a)
to (b) to (c), as the marker’s movement frequency increases, the fluctuation of the gazing point
EC

Y increases.

(a.1), (b.1), and (c.1) of Fig. 4.5 represent response curves related to the z-axis direction
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of the hand and gazing point with w = 0.314,0.628, 1.256[rad/s] respectively. It can be seen
from the figure that the system can continuously detect the object and can maintain a set dis-
tance from the object to track. However, as shown in (a.2), (b.2), and (c.2), recognition error
Azyq increases as the frequency of movement of the target object increases. Therefore, the
tracking stability of the end-effector in (c.2) reduces. Because Az, has less vibration than
Azpqr, compared with the fixed camera system, the eye-vergence system has better tracking

performance and stability.

Figures 4.6, 4.7, and 4.8 are orientation tracking results of the hand and the detection results
of the object corresponding to Figs 4.3 ~4.5. About the orientation of the recognized object

€ T and the end-effector e = [ep1, Epa, 3] ", Fig. 4.6 shows e and 1,

i = 7 €20 Ea73)
Fig. 4.7 shows e, and €p», and Fig. 4.8 shows €;,and eg3. In the experiment, because the
object does not rotate, the actual pose of the object is ““c); = 0. As shown in Eq.(4.5), the

target pose of the hand is ““e,; = 0. Therefore, all response curves represent both tracking

and detection errors.

Figure 4.6 represents the recognized orientation €57 of the object rotating around the x-
axis of X and the orientation response of the hand £g;. The recognition results €77, at each
frequency fluctuates around the true value of 0. Comparing these three graphs, it can be seen
that the error of the recognition €57, increases as the frequency of movement of the target object

increases. Therefore, the hand tracking error also increases.

Figure 4.7 represents the recognized orientation ¢ 33, of the object rotating around the y-axis
of X pc and the orientation response of the hand 5. (a), (b), (c) show the experimental data
€g2, Ej at periods T = 20, 10, 5[s]. These results show that the periodic movement in the x-axis
direction of Yz will affect the orientation in the y-axis direction. Since the hand movement
of the robot has a delay in the direction of ““z, according to the function of eye-vergence, the
camera will rotate around yp axis of S to observe the target object . The author think that

caused an orientation detection error of ¢, around the y-axis.

Figure 4.8 represents the recognized orientation € 5, of the object rotating around the y-axis
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of X ¢ and the orientation response of the hand £g3. Same as the Fig. 4.6, the recognition result
of each frequency vibrates slightly. These results do not indicate the actual hand vibration, but
indicate that the convergence of the RM-GA vibrates near the detected object.

Through the frequency response experiments, the eye-vergence system’s tracking perfor-
mance, keeping the target in the field of view, is verified. Through detailed comparison and
analysis of the visual servoing results of the six pose variables, it can be confirmed that the

tracking performance of the eye-vergence system is better than that of the end-effector.

4.2 Arc swing motion tracking experiment under different

light conditions

4.2.1 Fitness distribution under different illumination

For practical application, the light condition is an important effect element for the visual servo-
ing system to recognize the target object. Using still pictures at an instant moment, the fitness
value is calculated with model’s pose varied as parameters. We call it “fitness distribution.” It is
a way to verify whether the RM-GA can detect the true pose of a target object at that moment.
Therefore, to verify the detection capability of RM-GA under different illumination conditions,
the fitness distribution experiment in 2 — £z plane is conducted.

Figure 4.9 shows the searching area of RM-GA that is defined based on the range of motion
of the object. Target position and orientation relationship between the object and the end-

effector is set as:

Eappr = [0, —=100[mm], 545[mm], 0, 0, 0]. 4.5)

According to pre-set tracking conditions of Eq. (4.5) and a number of tests, we set the search

area of RM-GA as

Pr € [—200,200], "y € [~195,5], "z € [350, 750], (unit:[mm]). (4.6)
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Conveyor Chain

Fig. 4.9: Searching area of GA. The origins of models generated by GA are in a cuboid space.
Its range of the target object is x5z € [—200,200], Py € [—195,5], P27 € [350,750],
unit:[mm].

The object 5 » and the end-effector 5 g do not move in the experiment. And the relative pose

of iM and iE is the same as Eq. (4.5).

Figure 4.10 shows the results of fitness distribution in different illumination conditions. The
images on the right side of each row are taken by the two cameras in different experimental
conditions. In (a)~(d), only the illumination is changed, the object and the arm are fixed. The
left two columns (al~ d1 and a2~ d2) of Fig. 4.10 are fitness distributions in “z — ¥z plane
under different experimental conditions. Fitness is calculated by Eq. (3.22). The distribution of

the middle column (a2~ d2) is the 2D display of al~dl.

For example, in the row (b), the two images are taken at 500[Ix]. In the case of given
true values “e; = Pey = 0,%y;; = Pyy = —100[mm], the target object is searched on
the “x — ¥z plane as shown in Fig. 3.18. And the fitness distribution is shown as Fig. 4.10
(b1). The (b2) is a 2D figure of (bl). There are two highest points (vertex), i.e., the peak

Ez =) = (4,540)[mm]. And the other is

of the mountain of the distribution. One is (P57, ¥ 2,57

(Pxy57, F2,57) = (4,546)[mm]. That means, according to the model-based matching method,

object is most likely to be in either (¥r =, Fe,+7) = (4, —100,540,0,0,0) or (¥r,77e,57) =
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Fig. 4.10: Fitness distribution under different illumination. (a)~(d) show the results of ex-
periments with different illumination. In (e), the light source position changes. In (f), the
background changes and the illumination is same with (d). (a3)~(f3) show the left and right
images in each experiment. (al)~(f1) show the distribution of fitness on each point on ¥z — £z
plane in search area. Exploration interval is 1[mm], i.e. “z = —100, 99, ..., 99, 100; *
350,351, ..., 749, 750[mm)]. (a2)~(f2) are the 2D figure of (al)~(f1). In each experiment, “ver-
tex”” show the position (“z7, #z77) with maximum fitness F},,q;.
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(4,—100, 546, 0,0, 0) with fitness value F; = Fy = F,,,4,5 = 0.8519. It can be seen that they
are near to the true value shown as as Eq. (4.5).

In (a3), because the environment with the illumination 30[Ix] is very dark, there are more
black points in the three balls in the images than that in (b3). Therefore, the Fi,000 > Frngza-
From (b) to (d), the illumination is gradually increasing. And there are more and more white
points in the images. They influence the fitness calculation. Therefore, F420 > Fraze >
Frnaz,d-

By the fitness distribution experiment, it is verified that the fitness function Eq. (3.22) can
transform the target position and orientation estimation problems into optimization problems.

And it has the robustness against the illumination changing.

4.2.2 Content of arc swing motion experiment

In order to study the tracking performance of the system in orientation under different light
conditions, arc swing motion tracking experiment have been conducted. In this light changing
experiment, the illumination condition is divided into 80[1x], 500[1x], 900[1x], and 2200[1x] four
cases. As shown in Fig. 4.12 and Eq. (6.2) with the same set of lateral tracking experiments
the desired value of distance between object 5 v and end-effector 5 gis Pay = 0, Bypyr =
—100[mm], ¥zy; = 545[mm]. And the relative orientation between object and end-effector is
e = 0, i.e. in the process of tracking, always keep the x-y plane in > p parallel to the x-y plane
in ¥ M- 2p 1s the coordinate system of the turntable. And the turntable takes +20° reciprocal
uniform rotation movement around y-axis of > g. Equation (4.7) shows the periodic function
with period 7' = 4 x 4.44 = 17.76[s]. Therefore, 6(t) = 6(t + 17.76). In the first period, 0(t)

1s shown as follow.

—4.5¢ t€[0,4.44)s (4.7a)
0(t) = { 4.5t — 40 t € [4.44,13.32)s (4.7b)
—45t+80  t € [13.32,17.76)s 4.7c)
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Angle motion trajectory

Fig. 4.11: The initial state of each coordinate system and the angle motion trajectory of the
turntable.

At this speed the 3D marker will take 80[s] to rotate one cycle, that means the angular velocity

w=+21/T = +27/80 ~ +0.079[rad/s]~ +4.5[°/s].

4.2.3 Experimental Result

As shown in Fig. 4.14, (a) is fitness value during the tracking process calculated by Eq. (3.22).
It shows at each time the degree of matching between the object and the best individual evolved
from GA. As described in Section 3.5, the maximum of fitness is F},,, = 1.67. The fitness can
be affected by many factors, e.g., the quality of the captured images, the motion of manipulator
or the changing of light. The fitness in Fig. 4.14 (a) takes dramatic fluctuations. It can be seen
that changes in light illumination affect the object recognition.

In Fig. 4.14 (b), (¢) and (d), the dashed lines represent the orientation €, of real target XJj;.
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Fig. 4.12: The initial state of object and visual servoing system. The relative position relation-
ship between different coordinate systems is marked. Unit:[mm].
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Orientation tracking result of the detected object 5 77 and end-effector 5 p are shown as the solid
line €47 and dotted line g respectively. As shown in Fig. 4.11, the target takes the arc swing
motion on a turntable in a horizontal plane. Therefore, as shown in Fig. 4.14, the orientation of
the target object €)1 and €3 are all 0.

As shown in Fig. 4.14 (b), it can be seen that the recognition result £57 is near to 0.
However, the tracking result of hand had always a small deviation about 0.05. Similar to (b), in
(d) it can be seen that the detection result 57, is near to the true value 3. And the motion of
manipulator is also near to the target.

As shown in Fig. 4.14 (c), the true value of the object is £, i.€., the triangular wave in
dashed line. It can been seen that the detected orientation €57, can continually track the object
and is closer to the truth value than ¢ g5 of the end-effector. (e) shows the tracking error of hand
Ae g2 and detection error of stereo vision Ae, +=,. At about 32[s], there is a transient error in
orientation detection. Because the time is short and the system responds slowly, this error does
not have much effect on the tracking motion.

Through the results, it can be confirmed that although the fitness is changed a lot because of
the illumination changing, the recognition and the motion of manipulator was not influenced so
much. It shows that the system can overcome some illumination change and track the orienta-

tion of the target object continually.
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(¢) 50(s] (d) 20[s]

Fig. 4.13: The experimental status and dual-eye images under different illuminations. The
upper left corner of each picture is marked with the current illumination. And the subtitle of
each picture is the photography time corresponding to the time in Fig.4.14
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&, of orientation

&, of orientation

&3 of orientation

Error of &,

Fig. 4.14: Tracking results under different illumination. €,; = [ey1,Epr2, € M3]T is the actual
orientation of the target object. e = [ep1,Ep2, € E3]T is the orientation of the end-effector. And

detected orientation is €57 = e T In e, direction, tracking error of end-effector
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Time[s]

(a)Fitness value change in the tracking process
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(d) &3 of Orientation of End Effector ZE , 3D Marker M and Detected Object Z M
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(e) Tracking Errorin €2 of End Effector £ E and Detected Object < M
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(hand) is Ae /g2 and detection error is Ac, ..
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Chapter 5

Photo-Model-Based Recognition

This chapter discusses the methodology of the proposed photo-model-based recognition method.
Firstly, the geometry of a stereo vision system and symbol definition will be described to make
it easy to understand the recognition method. Secondly, the generation and matching of a photo-
model are introduced. Then, an evaluation function is designed to convert the object recognition
problem into an optimization problem. In the end, a genetic algorithm is chosen as a solution
to the optimization problem to ensure that the recognition method can detect an object in real-
time. Although the eye-vergence vision has better tracking ability than the fixed camera vision,
it is more complex than the later one. In this study, as the initial stage of the development, the
real-time photo-model-based 6DOF pose estimation method is developed based on the fixed

camera system. In the future, it will be used in the eye-vergence visual system.

5.1 Stereo vision geometry and definition of each symbol

Figure 1.2 shows the developed photo-model-based visual servoing system, VS-robot. Each

coordinate system is as follows:
e Yy : world coordinate system,

e > ;: end-effector (hand) coordinate system,
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e >),: object coordinate system.

The world coordinate system >y is fixed on the floor. The homogeneous transformation ma-
trices from My to X and Xy, are WT'y and WT', respectively. "' T can be calculated with
the joint angles of VS-robot. Based on ¥y, the pose of end-effector W ¢b;; and target 'V ¢, are

represented as

W, = [Wpl WelIT =

TL, € - [W:EkaWykaWZk7W€1k7W€2k7W€3k]T7 (k: = H7 M) (51)

Figure 5.1 shows a perspective projection of the stereo vision system.

e Y1, Ycog: left and right camera coordinate systems,
e Y1, Xrg: left and right image coordinate systems,
® >y : j-th model coordinate system,

e Y57 the coordinate system of RM-GA searching result that is not shown in Fig. 5.1.

The position vectors of an arbitrary i-th point of the j-th 3D model coordinate >,,; based on
different coordinate systems are as follows:
o ' r

W ZJ : 3D position of an arbitrary i-th point on j-th 3D model based on Xy,

o Myp!

: 3D position of an arbitrary i-th point on j-th 3D model in XJ,,;,

CRpJ and ©F7: 3D position of an arbitrary i-th point on j-th 3D model based on X and

[ J
Yer

e 'Lyl and 7 2D projected position on 5, and X; 5 of an arbitrary i-th point on j-th 3D
model.

The pose of the j-th 3D model, including three position variables and three orientation vari-

ables in quaternion based on Xy, is represented as

H,j _HJ HJ HJ HJ HJj H_J1T
M_[ Thary Yns A €1M7 82M7 €3M] . (52)
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For simplicity, the ¥ ¢, is written as ¢, hereafter.

As the searching result of RM-GA explained in Section 5.4, the detected result is defined
as,

H H H H H H H T
¢]/\4\:[ Ty Y i S Sann 5/\] . (53)

Based on Xy, the homogenous transformation matrix WTM is calculated by Eq. (5.5). The
j-th model’s pose based on X and Xy are represented as Eqgs. (5.2) and (5.6), respectively,
including three position variables and three orientation variables in quaternion. The pose W(MM

1s derived from WTM]» that is calculated in Eq. (5.4) [93].

Wy = W To, (6%,) (5.4)
"I =Ty Ty (" i) (5.5)
Wb, = 1) e )T = Vs Y Y s Vel Ve Vel (5.6)

About stereo vision, position CL'rg can be calculated by using Eq. (5.7),

rrl = Ty (¢l q) Vvl (5.7)

7 7

where ¥ 'rg is predetermined as a fixed vector since Xz, 1s fixed on the j-th model. Similarly,
CRT‘ZJ is calculated by using CRTM(q’){w, q). Since g can be measured by robot’s joint sensors, it

could be thought to have been known, then g is omitted hereafter.

The proposed system is an eye-in-hand system with dual-eye stereo-vison cameras. Camera

model is pinhole model. Eq. (5.8) represents the projective transformation matrix P,

1 | f/me 0 lzg 0
po— L | ° . (5.8)

k..
= 0 f/ny Iyo 0
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where,

k=CL,CR,

k

e "z, : z-axis position of the i-th point in the camera sight direction in X¢r and X,

f: focal length,

Nz, 1y: [mm/pixel] in x-axis, and y-axis,

Lo, T9y: [pixel] offset of origin of X;.

The 2D position vector of the i-th point in the left camera image coordinates

described by using projective transformation matrix Py, as,
] = Py Clpd = PCLCLTM((M\HMT?.
Then, ! L’rf can be conceptually described by function f; as,
Trl( @) = Ful@h M),

IR

Like the description of 7/, %7 can also be calculated as the same manner.

Iyl can be

(5.9)

(5.10)

In the visual servoing experiments of Section 6.2.1 and Section 6.2.2, 33, will move along

predetermined trajectories. Therefore, "V'T); is a known time-varying matrix. The goal of the

visual servoing experiment is to control the end-effector to maintain the relative pose with the

target object as

1 00 0
010 0
0 0 1 —500[mm)]

000 1
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Left Image R

-\ -jth
Left Camera X )5 : ! Photo-model
Yer Y ;
Robot Hand v

Searching Space

o - 1
I v M,.J
.\ . r;

N

Fig. 5.1: Perspective projection of stereo vision system. In the searching space, a j-th 3D solid
model is represented by the picture of crab, which is defined by j-th model coordinate system
> ;- The distance between Y, and Ycg, i.e. baseline, is 323[mm].

where 57, is the desired pose of >;. Based on Xy, the pose of Y4,

W W.T W_T T _ (W W W W W W T
Gna=1""he €pal =1 Tuas ' Yud,' Zdas €iHds €2Hd, €3Hd] (5.12)

is derived from " T ;4 that is calculated by Eq. (5.13) [93].

W o ="VT™MTy,. (5.13)

Figure 1.2 shows the initial poses of X, and Xy at ¢ = 0O[s]. They are also defined as
Ym0 and Y respectively. The directions of >, and Xy are different from Xy,. Their
orientations in quaternion are Ve o = Wepo = [-0.5, —0.5,0.5]T [34]. It is difficult to
directly imagine. Therefore, when we talk about the experiment results, the orientations of >,

and X are calculated as Eq. (5.14), i.e., relative orientations to the initial status.

er="ep— Ve, (k=M H) (5.14)
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Sy =

A
A

Co1 C02 Co3 C04
Seahorse Coelacanth Moray eel Dolphin
13 x4.5%2.7[cm] 7.0x14.5 % 6.0[cm] 3.0x14.2x2.3[cm] 8 X 6x4.5[cm]

—

C05 C06 C07 CO08
Bigfin reef squid Jellyfish Leatherback sea turtle Octopus
21 x8.25 x4.5[cm] 9%x9 X 11[cm] 10.5%13.2 X 3[cm] 14.3x12.5 % 3.5[cm]
. ———— 1
s
“.’ ij- . e
— ,;_: -.- _.: :“ = ,,_'E.'__
H"‘- el
C09 C10 Cl1 C12
Anemonefish Mobula Bluespotted ribbontail ray Crab
12 % 3.6 X 5[cm] 10X 8 X 2[cm] 8.5% 15.0 X 1.5[cm] 17.5 X 14 X 4[cm]

Fig. 5.2: Twelve marine biological creature models. The code name is from CO1 to C12. The
second line of each frame shows the English name. And the last line shows the size of each 3D
toy (unit: [cm]).

Similarly, the desired orientation of the end-effector is

€Hd = WEHd - W€H07 (5.15)

and €4 means €); because the control goal is shown as Eq. (5.11). Because the orientation of
the target object does not change in the position visual servoing experiment, as shown in Fig.
6.4 (1.d) ~ (1.9),

EHdIEMZO. (516)
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Fig. 5.3: Twelve pictures of marine biological creature models are shown with blue sea back-
ground corresponding to Fig. 5.2. The code name is from CO1 to C12. The size of each picture
is 640 x 480 [pixel]. Each dashed line rectangle indicates a photo-model.
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5.2 Photo-model generation

There are two main portions of the proposed pose estimation method. The first portion is 2D
model generation and the latter is relative pose estimation using the generated 2D model. This
subsection is a description of the first portion before an explanation of a matching method. As
shown in Fig. 5.2, 12 different sea creature toys are prepared as 3D target objects whose code
names are from CO1 to C12. The table includes the English name and the size of each 3D toy.
Figure 5.3 shows photo-models with blue sea background. The size of each picture is 640 x 480
[pixel]. Each dashed line rectangle indicates a photo-model used in pose estimation of 3D toy
targets. The photo-model is only part of a picture including a target shape as shown by the
rectangles in Fig. 5.3.

The model generation process is represented as Fig. 5.4. It should be noted that the photo-
model is only part of a picture including target shape. Firstly, a background image is captured
by the camera and the average hue value of the background image is calculated as shown in Fig.
5.4 (a). Then, the solid crab target object is put on the background. A 640 x 480 [pixel] picture
is captured at a distance of 400[mm] from the object as shown in (b). In (c), a photo-model
composed of dots with color information of hue is set as S;,,. Finally, the outside space S,,; of

the model is generated by enveloping 5;,, as shown in (d).

5.3 3D photo-model-based matching

Figure 5.5 shows a generated photo-model placed in the 3D searching space with assumed pose
of gbfw (sub figure on the top of Fig. 5.5) and the left and right 2D searching models that are
projected from photo model with the pose being assumed to be qbg\/[ (sub figures on the left and
right bottom of Fig. 5.5) respectively. In Fig. 5.5, a generated 2D photo-model is projected from
the 3D space onto the left and right 2D searching planes. The sub figures on the top of Fig. 5.5
shows a generated 3D solid photo model S (¢’ ) composed of S;,(¢?,,) (inner dotted points) and

the outside space enveloping Sm(cﬁgu) denoted as outer dotted line S, ( fw) The sub figures on
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(a) Background (b) Target object in background

Sout
Sin
Sin
©) Sin space of model is (d) Enveloping space of S;;, is
shown by black points group shown by points group S,

Fig. 5.4: (a) shows a photograph of background image, (b) shows a photograph of the target
object, the crab, in background, (c) represents a photograph of surface space model §;, by
inner points group and (d) represents an outer points group of outside space of model .S,,; that
enveloping .S;,,.

the left/right bottom of Fig. 5.5 show the left/right projected 2D searching models SL(Q’)?Q) and
Sr(¢’,) respectively. Both S (¢,) and Sk(¢,) consist of inner and outer portions Sy, i, (¢,
St.out(Phe) a0d Sgin(Dhy)s Srout(Phe)-

The evaluation of the correlation between the projected model and the images including real

target object that are input from the dual-eye cameras is defined as a fitness function.

5.3.1 Definition of the fitness function

An overlap degree, that means correlation degree, between a projected model and the target in
images captured by the dual-eye cameras is used as a fitness [100]. The highest fitness value
represents the best pose of the model $ among ¢§M that coincides with the crab’s pose in 3D
space as depicted at top of Fig. 5.5.

A model is composed of some sampling points. The number of them is “/N.” After forward
ILyJ

projection, as shown in Fig. 5.1, each point coordinate in left image 37, is *“r;. And evaluation
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...........................................................

Left image Right image
2D searching model: SL(d)gM) 2D searching model: SR(‘%{)

K
. , 7\ |
SL,i@> SL,(,\M<¢JM> Srin(dh)  Sroul(dl)

Fig. 5.5: A photo model S (¢§\4) in the 3D searching space on the top of this figure is a 2D
model but it has 3D pose information d)g\/[. The left and right 2D searching models represented
as Sy (¢’,) and SR(¢§'M) on the left/right bottom, are calculated by forward projection from the
2D photo-model S(¢7,).
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IL,.J

value of each point /“#/ in inner portion of the model (‘“7) € S in (&%) is pr.in(*F77) calcu-

lated by Eq. (5.17). The one of outer portion (‘27 € Sy, oui (%)) i8 Pr.out(F77) calculated by

Eq. (5.18)
(
2, if(|Hyp("r]) — Harp("r])] < 30);
_ (IL,,,,j) _ o IL,.J . (5.17)
Prin\" "T; —0.005, elseif(|Hp — Hr(""r])| < 30);
0, otherwise;
\
A 0.1, if([Hp — Hy("r])] < 20);
pL,out(IL’rzj‘) - (518)
—0.5, otherwise;
where

tIL

o Hip(! er ): the hue value of the left camera image at the poin 'rf (i-th point in j-th

photo model, lying in S, ;»,),
o My ("F77): the hue value of photo model at the point '“#/ (i-th point in S, ;,,),

e Hp: the average hue value of the background image, i.e., Fig. 5.4 (a).

IR,.J

The pr.in (7)) and ppg ou (7)) are defined as the same above manner. The fitness F/(¢?,) of

a model is calculated as Eq. (5.19), and its abbreviated form is Eq. (5.20),

F(@4)=| (D pran (el Y b)) N+ (X prin(r) + Y proul"Pr) ) /N] /2

’ere IRT?E ’ere ILT?G
SR,in(d)'gV[) SR,out((#)J]vM) SL,in(d)J]vM) SL,out(d)J]vM)
(5.19)
= [Fr(¢n) + Fu(di)]/2. (5.20)

The fixed values in Egs. (5.17) and (5.18) have been tuned experimentally to provide a peak

in the fitness value distribution at the true pose. Figure 5.7 (a) shows j-th model, the evaluation

points of hue value, - - - ‘L9 Trp] TEpl ... are indicated by white dots in inside area Sy, ;;,.

i—1°

and those in outside strip Sf, . Figure 5.7 (b) shows another situation that the overlapping
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1.6 1.6 1.6
14 1.4 14
W 12 w12 2 12
g ! g ! g 1
£ 08 £ 08 08
0.6 0.6 0.6
0.4 0.4 0.4
02 :880 02 -180 0.2 -180
0 60 -60 -60
cooo 180 0 £ 60 0 B 60
(=3 =3 (=3
?1‘“_?90,:3%%%3 y [mm] :ilrglggg%ggglsoy[mm] g;r%%gg%%ggwo y [mm]
X [mm] ) x[mm] ~ "~ x[mm] 7
Fitness distribution: Exploring every
possible location takes a lot of time. RM-GA : Calculation of some selected poses to save time.

Fig. 5.6: We have proposed Real-time Multi-step Genetic Algorithm (RM-GA) for searching
the pose of target object in real-time.

E IL,,,Z' ILTj IL,,J'
IL -1 i 1
i 7 i i+ 21 I (B) (A)

y Left camera image y Left camera image

(a) Evaluation position © L'rf , that is i-th point of j-th  (b) Classification of evaluation points (A)~(D) on

model, which is projected on left image whose pose (;5?\/[ the photo model is explained. (A) represents

is given by evo]utionary process of GA. points that satisfy the ﬁrSt case of Eq. (5.17),
|Hpr("Er?) — Harr (PE77)|< 30, representing that
inner model Sy, ;,, overlaps with the real target. (B)
does |Hp — Hyr,("Fr7)|< 30, representing that in-
ner model Sy ;, overlaps with background. (C)
does |Hp — Hrp("Fr7)|< 20, meaning that the
outer model Sy, o+ overlaps with background, and
(D) shows S, ot overlaps with the real target.

Fig. 5.7: Calculation of the matched degree of each point in model space (Sz, i, and Sy, ou1).
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area of real crab and the model increased than the one depicted in (a). The hue value of the
left camera input image at the point >+ is represented by H;('“r?). The i-th point of j-th
model in S, ;,, and Sy, .+ and the hue value of the same point I er on the model is defined as
Hy(f L’rg ). The average hue value of background calculated from Fig. 5.4 (a) is defined as

Hp.

In Eq. (5.17), if the hue value of each point on 3D target in left images, H; L(I Lypd ), which

lies inside the surface model frame S, ;,,, and the hue value of corresponding same point in
a model, Hy;(""r7), have similar values with a tolerance less than 30, that is [H("“r)) —
Hyy L(I L’rg )| < 30 then this means that model’s hue value and input target crab’s hue value have
close hue distance at the same checking point of er . This represents photo model overlaps
to the real crab projected in left camera image in S;,,, which is represented by dots designated
by (A) in Fig. 5.7 (b). In this case the fitness value would be increased with the voting value
of “+2.” The fitness value will decrease with the value of “-0.005” for every point '*+7 in S,
by the condition, | Hz — H;,(“r?)| < 30 in Eq. (5.17), when model’s crab area overlaps with
blue background. This represents that the model does not overlap precisely the target in the
input image, which are represented by (B) in Fig. 5.7 (b). In this case, “-0.005” is given as a
penalty to decrease . Otherwise, the evaluation value will be “0.”

Similarly, in Eq. (5.18), if the hue value of each point in the left camera image lying in S, o,
has similar value to the average hue value of background Hp calculated from Fig. 5.4 (a) with
the tolerance of 20, the fitness value will be increased with the value of “+0.1.” This means S, o,
strip area surrounding Sz, ;,, overlaps the background, expressing the model and the crab overlap
rather correctly as (C) in Fig. 5.7 (b). Since this situation means that the model’s position and
orientation matches to the real crab, plus points “0.1” is given to the function py, ,,:, wWhich is
described in Eq. (5.18). Otherwise, the fitness value will decrease with the penalty value of

“-0.5.” This represents points on Sy, ,,,; overlaps with the real crab as (D) in Fig. 5.7 (b).
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5.4 Improved Real-Time Multi-Step Genetic Algorithm (RM-

GA)

The main problem of identifying the pose of the object can be converted into an optimization
problem if the fitness function has been designed to give the maximum value only in the case
that the model whose pose coincides with the target object in the 3D space. Several optimization
methods can search the maximum value of the evaluation function. For real-time recognition in
dynamic images input with frame rate 30[fps], we have proposed a Real-time Multi-step Genetic
Algorithm (RM-GA) [101],[102]. RM-GA evaluation process is applied to find the maximum
value as an optimal solution because of its simplicity and effectiveness. The 20 individuals of
RM-GA are used in this experiment, where the chromosome of an individual consists of 72[bit]
with six variables. Each variable is coded by 12[bit] as shown in Eq. (5.21), the first three
variables of a model (/2,733 7 2] ) represents the position in 3D space and the last three
variables (* 5{ s 5% ! 5?,; ) represents the orientation. The genes of RM-GA representing

possible pose solution is defined as below:

ngw Hygw HZ?VI H5]iM H‘S%]M HagM
— e e — e — N —— ——
0l1---0L00---0111---0101---0101---1101---10. (5.21)
e — N e N N N —

12[bit] 12[bit] 12[bit] 12[bit] 12[bit] 12[bit]

As the searching result of RM-GA, the output best individual is defined as,
H(ﬁﬁ = [H:L’]\//\[, Hyﬁ, Hzﬁ, H&‘m, Hé‘m, H&‘g]\\/[]T. (5.22)

Figure 5.8 (a) shows the process flow in the RM-GA in which 3D models converge into
the real 3D solid target object. In Fig. 5.8 (a), a target object is a crab, and each 3D model is
depicted as a rectangle with dotted lines including the same shape and same color information
of the target. But models have different poses gh(j:l, 2, - -+, 20) as shown at the top of Fig.

5.8 (a) whose poses have been defined by the chromosomes, Eq. (5.21). Note that the system
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Start

/ Input code name of 2D photo-model /

[ Initialization ]
3D search space (First generation) (generate a population of models)

_ [ Reset the timer to zero |
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3D se (captured by dual-eye cameras )

Evaluation (1)
(fitness evaluation of each model)
|

—_— l Sorting
- Evaluation (2) (sort all models based on their fitness values)
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of newly (save models with highest fitness values)
generated y
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Convergence in successively input images l
3D search space - —
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T
Yes

/ Output the recognized 3D pose of the object
_ (position and orientation of the best individual)

Fig. 5.8: RM-GA evolution process in which 3D models with random poses converge to the
real 3D solid target object in 3D space. The pose of the model with the highest fitness value
represents the estimated pose of the target object at that instant: (a) schematic diagram of the

evolutionary process and (b) flowchart of RM-GA process during each 33[ms] control period,
from “Input new image” to “Output.”
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performs the evaluation process in the left and right 2D image planes. And the convergence
of searching models occurs in 3D searching space. The fitness function value evaluates the
overlap degree between an individual and the target object. The fitter individuals are selected to
regenerate the next genes. Thus, the genes converge to the real target after some transient period
of evolution. Then, the gene that gives the highest fitness value stands for the most trustful pose
as shown in the bottom part in Fig. 5.8 (a).

Figure 5.8 (b) shows a flowchart for the RM-GA evolution process for recognition and pose

estimation:

(1) Firstly, the individuals are randomly generated in the 3D searching area as the first genera-

tion.

(2) New images captured by dual-eye cameras are input.

(3) The fitness value of every individual is calculated.

(4) Every individual’s fitness value is sorted by the calculated fitness value.

(5) The best individual is selected from the current population, and the weak individuals are

removed.

(6) Then, the individuals for the next generation are reproduced by making crossover and mu-

tation between the selected individuals.

(7) Only new individuals in the next generation are evaluated by the fitness function, shown by
“Evaluation (2)” block, because the right and left images do not change and top individuals
with highest fitness do not need to calculate fitness again since the image is constant during

33[ms].

(8) And then, the above procedures (5)-(7) are repeated within 33 [ms]. Because the time

needed for transferring one frame of video from image input board to the memory of main
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CPU is 9[ms] , the remaining time within the video rate 33[ms] is 33 — 9 = 24[ms]. Then

24|ms] remains for RM-GA to evolve.

(9) Finally, the RM-GA outputs the best individual. If the process is not ended, it will input

new images and repeat the above procedures.

5.5 Fitness distribution

Fitness function Eq. (5.19) converts the target recognition and pose estimation problem into
an optimization problem if variables to give the maximum peak represents the target’s pose.
To ensure whether this problem conversion about Eq. (5.19) is feasible, a way is a brute-
force search or an exhaustive search. Using still pictures at an instant moment, the fitness value
F (¢§\4) is calculated with its pose varied as parameters. We call it “fitness distribution.” It is also
a way to verify whether the RM-GA can detect the true pose of a target object at that moment.
Even though the fitness distribution is made by an exhaustive search method, it is impossible
to calculate all possibilities. This time, the position incremental distance of fitness value is
set at 1.0[mm], and the orientation increment is 0.01[] (quaternion does not have the unit).
Search ranges of fitness distribution are set as position: “x,; and #y,, € [—180, 180][mml],
H 2y € [320,680][mm]; orientation: ey, egpy, and Pezp, € [—0.35,0.35).

Figures 5.9 and 5.10 show left and right images captured by the stereo vision system and
the fitness distribution of C04 dolphin and C12 crab in detail. Figure 5.9 (a) shows the left and
right camera images of C04 dolphin, and (b), (c) show the x — y and y — 2 position fitness
distribution respectively, and (d), (e) show the orientation fitness distribution. All the fitness
distribution (b)~(e) have peaks. For example, in Fig. 5.9 (b), the x — y position that gives
maximum peak is (x5, fy,,) = (=3, 7)[mm] and this result shows it is near the true position
(0,0)[mm] given by Eq. (6.2). About another object C12 crab, Fig. 5.10 (b) and (c) shows
the position fitness distribution, and (d) and (e) show the orientation fitness distribution. All

the fitness distribution (b)~(e) also have peaks near the true value. The results of other target
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objects except of C04 and C12 are similar to Figures 5.9 and 5.10, then they are not listed in
this paper. Each subfigure of the results has a main peak near the true value “¢,, given by
Eq. (6.2). Therefore, it has been confirmed that fitness function Eq. (5.19) can convert the
target recognition and pose estimation problem into an optimization problem. Furthermore, it
has been confirmed that the proposed method can estimate 3D target pose by using stereo vision
and 2D photo-model. But the gentle shapes of peaks given by (d) and (e) in Figs. 5.9 and 5.10
mean that the estimated orientations tend to include estimation errors than the positions whose

fitness distributions have sharp peaks as shown in Figs. 5.9 and 5.10.

RM-GA searching experiments have been also conducted to compare with the fitness dis-
tribution. The results show that RM-GA can find the pose of all target objects from COI to
C12 in less than 10[s] by using the left and right still images. In this experiment, the optimiza-
tion procedure is conducted by static still photographs not dynamic images, then the RM-GA
process means usual GA process practically. For example, the left and right camera images
shown at Fig. 5.9 (a) are used for the RM-GA searching experiment concerning C04 dolphin.
And the detected pose by RM-GA "¢+ = [Magz, yiz, " 2e7. Persz, Pegnz, Tegsz) " is shown
at the row of C04 in Table 5.1, which includes also results of other 3D toys shown in Fig. 5.2.
The real pose that gives maximum peak is represented by “ ¢y, = [Hayr, Tyns, T 2nr, P,
Heonr, Pesn]®, and is shown in the same row. The detection errors A = Y¢p,, — Hp7 =
[Az, Ay, Az, Aeq, Aey, Acs]" is also listed in the table. From the error values of CO1~C12, it
has been confirmed that the poses of all 3D toys could be estimated by GA evolutional proce-

dures with the position error being less than 10[mm] and orientation error being less than 0.15

in quaternion.

In this section, by the fitness distribution experiment, it is verified that the fitness function
Eq. (5.19) can transform the target position and orientation estimation problems into optimiza-
tion problems. It is also confirmed that the proposed method can estimate the 3D target pose by
using stereo vision and 2D photo-model. Since the estimated value of RM-GA is close to the

peak result in the fitness distribution experiment, RM-GA can be used practically as a solution
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Table 5.1: Peak coordinates “¢,, = [Fanr, Dynr, T2nr, Ternr, Teons, Feap]T of 12 tar-
get objects in the fitness distribution, RM-GA detection results "¢ = [Too, Ty,
M asr, Hemap Mesgpy Mesyz) T and errors Ay = "y — " = [Ax, Ay, Az, Aey, Acy, Aes]T
are listed. Search range of fitness distribution, position: x € [—180,180][mm], y €
[—180, 180][mm], z € [320, 680][mm]; orientation: &1, €5, and 3 € [—0.35,0.35]. Search inter-
val of fitness are 1.0[mm)] in position; orientation: 0.01[]. True values given by TC-robot shown

in Fig. 1.2 are H¢M = [HSUM7 H@/M; HZM, H€1M, H52M; H€3M]T = [07 0,500[mm], 0, 0, O]T-

Real pose that gives maximum peak Detected pose by RM-GA Error values
Pose
Position Orientation Position Orientation Position Orientation
Target [mm] (quaternion[]) [mm] (quaternion[]) [mm] (quaternion[])
H H. |H. |H Hy |Hy  |H, . [Ho__|Ho __|Ho
Number\ |y o 15y A Hy | Heyy g Heond Hean | o | 7Y | 7200 [ 6l Eantl” S| A7| Ay | Az [Asy | Ay | Aes

Co1 -2.0 | 0.0 [501.0{-0.03 |-0.09 | 0.04 || -2.25 | 0.39 |497.62|-0.03|-0.15| 0.04 || 0.25 |-0.39 | 3.38 | 0.00 | 0.06 | 0.00

C02 5.0 | -3.0 |494.0| 0.11 |-0.18 |-0.06 || 12.11 | -2.64 |495.57| 0.10 |-0.17 [ -0.05 ||-7.11 |-0.36 |-1.57| 0.01 |-0.01 |-0.01

C03 -2.0 | 5.0 [508.0{ 0.01 | -0.1 | 0.03 || -2.54 | 4.98 |509.24| 0.03 |-0.07 | 0.02 || 0.54 | 0.02 |-1.24|-0.02 | -0.03 | 0.01

C04 -3.0 | 7.0 |506.0{-0.02 [-0.02 [-0.01 || -3.13 | 7.13 |506.41|-0.03 |-0.04 | -0.04 || 0.13 |-0.13 |-0.41| 0.01 | 0.02 | 0.03

C05 -1.0 |-11.0{500.0| 0.02 | 0.02 | 0.03 || -0.39 |-10.45|500.55| 0.02 | 0.02 | 0.04 ||-0.61|-0.55{-0.55| 0.00 | 0.00 |-0.01

C06 -20 | 5.0 [493.0| 0.11 | 0.11 [ 0.07 || -3.13 | 5.66 |494.30| 0.16 | 0.04 | 0.02 || 1.13 |-0.66 |-1.30|-0.05 | 0.07 | 0.05

Cco7 12.0 | 4.0 |517.0| 0.03 |-0.01|-0.01|| 9.38 | 4.79 {514.22|-0.03 | -0.08 | -0.01 || 2.63 [-0.79 | 2.78 | 0.06 | 0.07 | 0.00

C08 -6.0 | -1.0 {504.0| 0.02 |-0.02|-0.07 || -6.05 |-2.25|502.11 | 0.08 [-0.07 [ -0.08 || 0.05 | 1.25 | 1.89 |-0.06 | 0.05 | 0.01

C09 6.0 | -6.0 {502.0] -0.1 | 0.09 |-0.04|| 3.81 |-6.05(498.20|-0.06 | 0.09 [-0.04|| 2.19 | 0.05 | 3.80 |-0.04 | 0.00 | 0.00

C10 6.0 | 6.0 {507.0] 0.01 | 0.04 |-0.04|| 6.35 | 4.00 [504.45|-0.06 |-0.10 | -0.04 ||-0.35 | 2.00 | 2.55 | 0.07 | 0.14 | 0.00

Cl11 9.0 | 1.0 |513.0| 0.04 | 0.16 |-0.06 || 7.62 | 1.27 {509.14| 0.05 | 0.09 |-0.05|| 1.38 |-0.27 | 3.86 |-0.01 | 0.07 |-0.01

C12 0.0 | 1.0 |497.0|-0.09| 0.06 | 0.01 || 0.29 | 1.76 {498.50| 0.06 |-0.04| 0.03 ||-0.29 |-0.76 |-1.50|-0.15| 0.10 | -0.02

to detect the pose of the 3D target objects by using 2D photo-model.
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Fig. 5.9: Fitness distribution of C04 dolphin. (a) Left and right camera images, (b) fitness
distribution in the x-y plane, (c) fitness distribution in the y-z plane, (d) fitness distribution of
orientation in £1-¢5, and (e) fitness distribution of orientation in £5-¢3. In each subfigure of
(b)~(e), the maximum fitness and corresponding coordinate are shown in a text box.
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Left camera image Right camera image

Maximum fitness peak position is at Maximum fitness peak position is at
1.6 (x,y) = (0,0)[mm], 1.6 | (y,z) = (1,497)[mm],
14 maximum fitness value is 0.778. 14 |maximum fitness value is 0.7919.
1.2
v 1 2
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Maximum fitness peak orientation is at Maximum fitness peak orientation is at
(g1, €2)= (—0.09,0.06), (g2, €3) = (0.05,0.01),
1.6 maximum fitness value is 0.8144. L6 | maximum fitness value is 0.8183.
¢
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Fig. 5.10: Fitness distribution of C12 crab. (a) Left and right camera images, (b) fitness dis-
tribution in the x-y plane, (c) fitness distribution in the y-z plane, (d) fitness distribution of
orientation in £1-€5, and (e) fitness distribution of orientation in £5-c3. In each subfigure of
(b)~(e), the maximum fitness and corresponding coordinate are shown in a text box.
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Experiments of Photo-Model-Based Visual

Servoing

6.1 Pose 6DOF visual tracking

As introduced in Section 2.2, the guidance of robots through real-time and continuous visual
feedback is generally known as visual servoing. Only the constant observation of the objects
of interest is referred to as visual tracking, and it does not involve the robot control. The visual
tracking is essential as a basis for visual servoing.In this section, the visual tracking experi-
ment will be conducted to verify the tracking ability of the proposed stereo vision recognition
method. In the Sections 6.2 and 6.3, visual servoing experiments will be conducted to confirm

the feedback control ability of the visual servoing robot.

6.1.1 Experimental content

The initial condition of the pose real-time estimation experiment is shown at top subfigure (Step
0) in Fig. 6.1. The pose of the target object represented by >, based on the end-effector >
is set as Eq. (6.2). In Fig. 6.1, each subfigure, i.e., each (Step), is a state of the target object

at a special time point in the experiment. For example, subfigure (Step 0) shows the state of
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the target object at the beginning time point ¢ = 0[s] of the experiment. And the target’s pose
of (Step 0) “pnr = [Mawnr, Tyns, Hanr, Pernr, Teonr, Teapn|t = (0,0, 500[mm], 0,0, 0] is also
shown in Table 6.1. In this pose estimation experiment, the VS-robot in Fig. 1.2 does not move.
The TC-robot controls the target object to move, with one of the elements of target pose of
e, Tyar, T oar, Tenr, Peanr, T esnr) being changed and others being kept to be constant as
shown in Table 6.1. The table lists the pose of TC-robot and the transition of the pose when the

target pose is changed from (Step 0) to (Step 19).

For example, as shown in Fig. 6.1, from (Step 0) to (Step 1), 7z, that is x-coordinate of
target pose, is changed from O[mm] to -50[mm] by TC-robot based on the >2,,. Hoynr, B zar, and
orientation parameters ), are constant. In subfigure (Step 1) of Fig. 6.1, the arrow shows
the moving direction along the x-axis from former (Step 0) to this (Step 1). And as shown in
Table 6.1, the arrow between rows (Step 0) and (Step 1) in the column of ¥z, has the same
meaning and indicates that only x,, is changed from O[mm] at (Step 0) to -50[mm] at (Step
1). In Fig. 6.1, from (Step 1) to (Step 2), 7y, that is y-coordinate of target pose, is changed
from O[mm] to -50[mm] by TC-robot. x;,, 7 z;;, and orientation parameters ", at (Step 2)
are the same with the parameters at (Step 1). And the arrow in subfigure (Step 2) in Fig. 6.1
shows the moving direction along the y-axis. And as shown in Table 6.1, the arrow between
rows (Step 1) and (Step 2) in the column of ¢, also represents that only 1, is changed from
O[mm] at (Step 1) to -50[mm] at (Step 2) by TC-robot. The position of TC-robot is changed
with the same manner from (Step 2) to (Step 10), which represents the same pose as (Step 0).

From (Step 11) to (Step 19), the position of the target is kept to be constant, but the orien-
tation is changed. The TC-robot rotates the target to €15, = 0.174 around z), axis at (Step 11)
and then to 1), = —0.174 around x); axis at (Step 12). And at (Step 13) the target is rotated
back to the initial pose of (Step 10). From (Step 14) to (Step 16), the target object rotates only
around y-axis and from (Step 17) to (Step 19) it does around z-axis. The poses of >y, at (Step

10), (Step 13), (Step 16), and (Step 19) are the same with the initial state (Step 0).

Table 6.1 shows the real pose of the target object at each step. The position trajectories of
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Table 6.1: The target pose value Z oy = [Tans, Fyar, ©zar, Ternr, Heonr, Tesnr]™ of each mo-
tion step is listed with names of (Step 0) to (Step 19), corresponding to the target’s motion
trajectory in Fig. 6.1. Similar to Fig. 6.1, the arrows in this table show the changing parameters
from the previous step to the next. For example, in this table, since from (Step 0) to (Step 1)
Hy s is only changed, there is an arrow between row (Step 0) and (Step 1) in the column of
Hapr. And the arrow of subfigure (Step 1) in Fig. 6.1 also shows that the target moves along
the x-axis.

Pose Position[mm)] Orientation(quaternion[])
Step Hone | Puse | o | Pernr | Peonr | Pesm
(Step0) | 0 0 500 0 0 0
(Step ) | -50 0 500 0 0 0
(Step2) | -50 -30 500 0 0 0
(Step3)| 0 -30 500 0 0 0
(Step 4) 0 0 500 0 0 0
(Step5)| 0 530 0 0 0
(Step6) | _-30 g 550 0 0 0
(Step?) | -30 -50 550 0 0 0
(Step8) | 0 -30 550 0 0 0
(Step 9) 0 0 5%0 0 0 0
(Step 10)| 0 0 500 0 0 0
(Step 1D 0 0 500 | 0.174 0 0
(Step12)| 0 0 500 | -0.174 0 0
(Step13)| 0 0 500 0 [ 0
(Step 14)| 0 0 500 0 0.174 0
(Step 15)] 0 0 500 0 -0.]74 0
(Step 16)| 0 0 500 0 [
(Step17)| 0 0 500 0 0 0.174 |
(Step 18)| 0 0 500 0 0 0.174
(Step 19)| 0 0 500 0 0 0

the target are shown at the subfigures from (Step 0) to (Step 10) in Fig. 6.1 and the time profiles
of target pose given by TC-robot are depicted as (a) to (f) at the center of Fig. 6.1. Target’s pose
time profiles (a)~(f) are enlarged and shown as dashed lines in Fig. 6.2. The solid lines in Fig.

6.2 show the pose estimation results. The 3D pose estimation error is shown as Fig. 6.3.

6.1.2 Results and discussion

H

Figure 6.2 (a)~(f) show the pose estimation results 727, y77, ¥ 257, Pe7, e

__ H.__ T Ja_
s €smp) de

picted with solid lines. (a)~(c) are position recognition results. (d)~(f) are orientation recog-
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nition results. The true values ¢y = [Hapr, Tynr, P20, Heinr, Teonr, Pesn]t are shown as
dashed lines, which is enlarged from Fig. 6.1. The descriptions of (Step 0)~(Step 19) in Fig.
6.2, where “Step” has been eliminated to save space, are the time points corresponding to those
in Fig. 6.1. In the beginning period of recognition time ¢ = 0 ~ 6[s], the detection results of
RM-GA gradually converge to the true pose ¢;. Then, the estimation results are almost sim-
ilar to the real pose. Even though the detection result 7 277 in (¢) have some fluctuations when
the target moves along the x- or y-axis at (Step 1), (Step 4), (Step 6), and (Step 8), RM-GA can
quickly converge to the true pose in the later. The position estimation results in (a)~(c) shows
that the proposed method can track the position of the moving target object. The orientation
estimation results in the period of (Step 11)~(Step 13) in (d), (Step 14)~(Step 16) in (e), and
(Step 17)~(Step 19) in (f) show that this method can also track the changing orientation of the
target in real-time.

Figure 6.3 shows the errors of the pose tracking results. And the detection errors of x and
y coordinates in (a) and (b) are in the range of +20[mm] except at time (Step 3), (Step 6), and
(Step 8), which represents the time that the target’s motion includes accelerations. And about
distance estimation in z coordinate, Fig. 6.3 (c) shows that the error is in the range of +30[mm]
roughly. Some large fluctuations in (a)~(c) show the time delay of position coordinate detec-
tion, e.g., (Step 1), (Step 6), and (Step 8) in (a). About the orientation estimation, the error of
€3 in (f) is small and less than those of €; in (d) and &5 in (e). In the period of (Step 1)~(Step
10), it can be confirmed that the change of position of the target object interferes with tracking
errors of the orientation estimation. And in the period of (Step 11) to (Step 19), even though
the orientation of the target object has been changed, the position detection errors in (a)~(c) are
kept to be small.

Through the above analyses and discussions of experimental results, it has been confirmed
that the proposed photo-model-based recognition method can detect an object’s pose in real-

time by using RM-GA.
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Fig. 6.1: The target in this pose tracking experiment is C12 crab shown in Figs. 5.2 and 5.3. The
subfigures of (a)~(f) show all the poses time profile of the target >, based on ;. The crab’s
position time profile is shown by (a), (b), and (c) based on the end-effector >;;. Orientation
motion is shown by (d), (e), and (f). The subfigures (Step 0)~(Step 19) shows the target motion
schematically. The arrows in (Step 0)~(Step 19) show the target’s moving direction. Motion
curves (a)~(f) are enlarged and shown as dashed lines in Fig. 6.2. The poses of >,; at (Step
10), (Step 13), (Step 16), and (Step 19) are the same with the initial state (Step 0).
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Fig. 6.2: The 3D pose estimation results of the target whose motions are displayed in Fig. 6.1.
The target is C12 crab shown in Fig. 5.2 and 5.3. The crab’s position detection results are
shown in above (a), (b), and (c¢) as solid lines. Orientation detection results are shown in (d),
(e), and (f) as solid lines. The dashed lines are enlarged from Fig. 6.1 and show the true pose of
the target object. (Step 0)~(Step 19) that are written at the top of this figure show the specific
time points which are corresponding to the subfigures in Fig. 6.1. And from (Step 2) to (Step
19), “Step” has been eliminated to save space. The right side axes of (d)~(f) indicate angles
that are calculated from quaternion to degree.
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Chapter 6 Experiments of Photo-Model-Based Visual Servoing

6.2 Visual servoing experiments with two manipulators

In this section, the target object’s pose 6DOF visual servoing will be conducted to confirm
the tracking ability of the visual servoing system. In these experiments, >3, will move along
predetermined trajectories. Therefore, "'}, is a known time-varying matrix. The goal of the
visual servoing experiment is to control the end-effector to maintain the relative pose with the

target object as

1 00 0

010 0
My = ; (6.1)

0 0 1 —500[mm]

000 1

where Y57, is the desired pose of X py.
At the beginning, VS-robot shown in Fig. 1.2 is set in front of TC-robot, and the 3D target’s

pose based on Xy is set as

By = ["rh et = [Taar, Tynr, Toar, Peinr, Teonr, Tesn]™ = [0,0,500[mm], 0,0, 0]

(6.2)

6.2.1 Visual servoing with the object’s position changing

In the position frequency response experiment, the target object is C12 crab. Its position tra-
jectories are sine curves with an amplitude of 100 [mm] and a period of 20 [s] in the yy and
zw-axes directions, and with amplitude of 100 [mm] and a period of 60 [s] in the zy -axis
direction. Its orientation does not change, i.e., €, = 0.

The experiment results are shown in Fig. 6.4. The point curves 7y, = [Way, Wy,

WZM]T represents the predetermined movement trajectory of >, along the xyy -, yw-, and zyy -

axes of Yy and orientation €,; = [e1ar, €20s, €30s]T = [0,0,0]T. The solid lines Vry =
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Wy, Wyn, W 2y|" and e are the visual servoing results of end-effector. Figure 1.2 shows the
initial status of >, and X at ¢t = O[s].
It can be seen that even though the tracking curves "V ry delay somewhat in phase, the visual

servoing system with photo-model-based recognition method can track the object V7, in time.

6.2.2 Visual servoing with the object’s orientation changing

In this subsection, visual servoing experiment will conducted with the object’s orientation
changing. Its position W), does not change. X,, rotates half period, i.e., 20[s], around 2y,
xnr, and vy, axes with sine wave respectively. The maximum rotation degree is 25[°], i.e., 0.216
in quaternion [34]. The subfigures (2.1)~(2.3) on the top of Fig. 6.5 show some states of target
object and end-effector during the experiment. According to the visual servoing control goal
Eq. (6.1), even though the target object only rotates without position changing, the end-effector
needs to adjust both own position and orientation to face towards the target object. Therefore,

the position/orientation visual servoing experiment is more complicated than the position one.

w W w
THd—[ THd,  YHd,

As shown in (2.a)~(2.c), the broken lines show the desired position
W zna|t of the end-effector. In (2.d)~(2.f), according to the control goal Eq. (6.1), end-
effector’s desired orientation €574 = €,;. The visual servoing results of the end-effector (" zy,

Wor, Wz, e1m, €or, €31) are shown as solid lines in Fig. 6.5.

W, Wynr, and W 2y, of £, do not change. In (2.d)~(2.1),

In (2.a2)~(2.c), the position curves
the point curves €y, = [e10r, €201, €3 M]T represents the rotation trajectories of ;. Starting
from the initial status €;; = 0, the target object rotates around z,; axis. After it rotates back to
the initial status, it starts to rotate around x); axis. Rotational motion is performed separately.
For example, as shown in Fig. 6.5 (2.d), when the target object rotates around x-axis, only €1,
has value and 93y = €35, = 0.

Through the results in (2.d)~(2.f), on the overall trend, it can be seen that € varies with the

w

changing of ;. And (2.a)~(2.c) indicates that the real position " r of the end-effector is also

near to the desired one "V ry,. Therefore, the visual servoing system with photo-model-based
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recognition method can track the object’s orientation in time. And the position can be detected
correctly although the orientation €,; changes. The results verified that the 2D photo-model of

a 3D target is able to estimate the 3D target pose.

6.3 Position visual servoing with pool environment

6.3.1 Experimental environment and content

As shown in Fig. 6.6, a squid toy is a target object. And a marker pen is hung on the end-effector
along the Zy direction. In the experiment, the stereo vision detects the pose six parameters
"y of the object and the detection result is 7 ¢p+7. The goal is based on  ¢7 to control the

end-effector to move to the top of the squid object and to maintain the relative position

Hd

rar = [Txn, Tynr, T920,)" = [0,0,600] T [mm], (6.3)

where >y, 1s the desired pose of the end-effector. The squid floats on the water in the pool
without pose constraints. In the end, a marker pen is released and falls off to hit the squid
to confirm the position visual servoing ability. The purpose of the experiment is to verify the
availability of the proposed photo-model-based visual servoing system for catching a marine

creature.

6.3.2 Results and discussion of the experiment

Figure 6.7 shows the states of the visual servoing in chronological order. At the beginning
t = 0[s], in (a), the distance between ¥ and X, at the vertical direction was Zz,; = Wz —
W 2y = 680[mm]. In other directions, 7 z,; and #1,, were unknown. Figure 6.7 (b) shows that
at t = 5[s], the end-effector has been controlled to move near the target position with a height

about 7z, = 600[mm]. Comparing with (a), the height of the end-effector had a significant

drop in (b). In two camera images of (b), the squid became bigger than that in (a). As shown

98



Chapter 6 Experiments of Photo-Model-Based Visual Servoing

Bigfin reef squid
21x8.25%4.5[cm]

Fig. 6.6: Photo-model-based stereo vision system

in Fig. 6.7 (c) and (f), in the experiment, the moving direction of the squid target object was
change by a stick randomly. And in (d), (e) and (g), the wave was made by the stick to mimic

the natural situation. In the end, in (h), the marker pen was released and hit the squid.

Figure 6.8 shows the experimental results. The dotted line shows the pose of the end-

effector. The solid line shows the pose of the object detected by RM-GA.

In the top subfigures (a), (b), and (c), " x5, Wyg, and "V zj; are the position tracking results

w

of the end-effector. " x Wyﬁ, and WZM are position recognition results of RM-GA and

i
calculated by Eq. (5.5) for comparing with the position tracking results of the robot. They are
all based on Xy .

In the bottom subfigures (d), (e), and (f), €1y, €25y, and 35 are the relative orientation of
the end-effector to its initial status calculated by Eq. (5.14). Because in this experiment end-
effector’s orientation dose not change, they are all 0. H ETH> H €577» and H €537 are orientation
recognition results of RM-GA based on > .

In this experiment, the true pose of the target object is unknown. We only know the hight
Hzy = 680[mm] at the beginning ¢ = 0[s]. In (c), at ¢ = 0[s], the detection result 7z =
Wzn — " 257 was near to 680[mm]. It can be seen that the stereo vision can detect the distance

correctly. Later, " z; reduced. The end-effector moved down to track the squid at 600[mm]

relative hight because of the control goal Eq.(6.3). Even if the orientation of the squid changed,
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Fig. 6.7: Position 3DOF visual servoing experiment with pose (position/orientation) 6DOF
estimation. The marker pen was tied on a rope and hung near the end-effector. From (a) to (g),
the rope was fixed by a student. At (h), the rope is released, and the marker pen hit the squid.
At the end (i), the squid drifted away due to the impact. (gl) and (h1) are enlarged views of a
part of (g) and (h) respectively.
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the end-effector could track the target continually. In the end, the marker pen was released and
hit the squid.

According to the results, it can be seen that the photo-model-based pose estimation method
is not susceptible to partial occlusion conditions. It can detect the object’s pose and control the
robot to track it continually, even though there were waves and light reflection on the water. It
is confirmed that the system has an ability to conduct a visual servoing task for a moving target
and has a robustness against external disturbances.

It is verified that the proposed pose estimation method can make the robot’s hand-eye track
the designated 3D target object by using its 2D photo-model. This means that the 3D target’s

pose can be estimated in real-time by 2D photo-model.
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Chapter 7

Conclusion

This thesis proposed a real-time 6DOF photo-model-based pose estimation method for the pur-
pose of 6DOF visual servoing. First, as a basic reference study, this paper introduced a model-
based eye-vergence visual servoing system. Stereo vision geometry, 3D model-based matching,
and RM-GA were explained in detail. Second, the experimental results of lateral and arc swing
motion tracking proved that the system could detect the 6DOF of a target object and then con-
tinuously track it.

With reference to the above technology, the paper proposed a real-time 6DOF photo-model-
based pose estimation method. It then introduced the generation and 3D matching of a photo-
model. The fitness function was designed to convert the object recognition problem into an
optimization problem. RM-GA was used as a solution to the optimization problem to ensure
object detection in real-time. According to the results of the fitness distribution and real-time 3D
pose visual servoing experiments, the full pose of a 3D target object was successfully estimated
in real-time using only a 2D photo, thus enabling 3D visual servoing of the target. The above
results were confirmed by real experiments using a 6DOF manipulator with stereo vision at the
end-effector.

Because the eye-vergence vision system has better tracking ability than the fixed camera
vision, the proposed photo-model-based 6DOF recognition method will be used in the eye-

vergence vision system in future works.
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