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Summary
Nowadays the use of camera technologies combined with video analysis has proven to provide a
wide range of opportunities in science and industry. These technologies can be applied to embed
vision sensors in a feedback loop, what gives a visually controlled system. This combination of
vision and control technologies offers many new possibilities for machine control and has therefore attracted interests from industry and science. The shared interest of Eindhoven University
of Technology and Aris B.V. in gaining insight in controlling systems by vision sensors, is joint
in this thesis by an explorational study of visual control, with a robotic ping pong study case.
This explorational study investigates both the theoretical backgrounds and the implementation issues of visual control. The former one involves a manual on visual control, which serves as
a starting point for control engineers to do further research on visual control. The implementation of visual control is studied on an existing ping pong system, made by the firms RoBoGo and
Aris B.V. The resulting design approach is representative for various visual control systems.
Visual control is a multi-disciplinary science. Based on a literature review the manual focuses
on visual control from an control engineering perspective. It discusses aspects of visual control,
which are important and unknown to a control engineer. This multi-disciplinary nature of visual control endues a non-consistent terminology, what makes it difficult to categorize different
studies on visual control. Therefore and to show the possible control design configurations, a
categorization of visual control is introduced, based on a consistent terminology. The categorization distinguishing 5 categories, which each features 2 mutual exclusive configurations. These
are: eye-in-hand systems versus uncoupled camera systems, indirect visual control versus direct
visual control, position based systems versus image based systems, end-effector open loop versus
end-effector closed loop and model based visual control versus tracking based visual control.
Because a visual control system inherently makes use of a vision sensor this sensor is discussed in more detail. A vision sensor consists of a capturing module and a data processing
module. These two combined enable a vision sensor to extract control information from a scene.
For the capturing module the important hardware is identified and discussed. The data processing is split in 6 subsequent steps: pre-processing, pixel classification, pixel set representation,
feature extraction, pixel set elimination and pose estimation. For each step various methods are
discussed in the manual.
The practical study of visual control discusses a robotic ping pong player. This system uses
indirect position based visual control and features an eye-in-hand configuration. The ping pong
balls are identified by a video based detection algorithm developed by Aris B.V. To convert the
outcome of this analysis to a Cartesian frame a feature based pose estimator is used.
Via frequency response analysis the ping pong system is identified and design improvements
are found. Based on this identification a tracking based visual control loop is implemented, which
is proven to be unable to track the ball. To improve the system performance, two different impact
predictors are implemented, which estimate the track of the ball based on a linear model. The
3

model input is the measured ball track, which is filtered by either a Kalman filter or a polynomial
fit. These impact predictors allow the robot to move directly to the right position and enable the
robot to play a dynamic ping pong game.
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This recognition system has proven to be robust and successful in various applications in a
horticultural environment and for the process and package industry. Some examples of implemented systems are: the Automatic Quality grading System, a self learning system developed for
the poultry industry to grade birds; the Aris Chrysanthemum Grading System, that sorts flowers
on quality; the Tray Scanning System, that sorts young plants grown in trays; the Plant Select
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Introduction
Context
In the past decades the interest in computer vision has grown significantly and the fusion of
camera technologies with video analyses is becoming more important in today’s society. With
the increase of computational power and camera accuracy, computer vision becomes interesting
from a control technology point of view. This has resulted in the field of visual control, in which
vision sensors are embedded in the control loop. Visual control has also attracted the attention of
the section Dynamics and Control Technology of Eindhoven University of Technology, that wants
to work on a competence in this field. By executing this explorational study on visual control, the
section wants to establish a solid basis for further research on visual control.
This desire to build on knowledge about visual control coincides with the desires of Aris B.V.,
a high tech company specialized in vision technologies for horticulture. Aris B.V. also seeks for
knowledge on visual control to use this technology in horticultural robots. For this reason and for
demonstrative purposes Aris B.V. develops a ping pong robot, based on an existing robot system
combined with their vision competence. The fusion of the robot and vision system is still a topic
of research and will be the main focus for a practical case study on visual control. This coincides
with the desire of the section Dynamics and Control, which wants to investigate visual control
from a control technology perspective. The combination of a theoretical and practical study and
the fusion of an academic and industrial perspectives makes this study useful for various future
visual control applications.

Motivation
In visually controlled systems the vision sensor is embedded in the control loop, what gives a
constant tracking of the object. It gives new opportunities for control technology and although the
approach is not common practice yet in industry, interest is growing quickly. Different reasons
for visual control are given below:
• Light can be used as sensor input. This allows a vision sensor, in essence, to deal with
every illuminated scene. This allows robots to work in non-structured environments, like
horticultural environments.
• Measurements are non-contact. This makes the measurement of objects that should not
be touched possible. It also makes that objects will not get influenced by measurement
systems, so they don’t get worn out and measurements are not biased because the dynamics
of measured objects are influenced.
9

• The capability to detect objects is determined by the data analysis programming, what
makes vision a flexible sensor. This makes it easy to change the task of a system and can
make a system multi-purpose.
• It allows the detection of multiple object at the same time. This makes robots capable of
dealing with different objects or influences at the same time.
• Visual control enables a direct measurement of the end-effector. In many machines dynamic effects between the end-effector and the position sensor are not sensed and compensation for these effects is not straight forward. By capturing the position of the end-effector
directly by means of vision, dynamic control can compensate undesired effects and mechanic requirements can be lowered, what can give a cost reduction [19, 31].
• Visual control can work with relative positioning. By capturing both object and end-effector
or by placing the camera on the end-effector, the relative position between camera and
object can be determined. This eliminates the need for separate position measurements of
the end-effector and the object and therefore the amount of measurement errors. It also
makes robots more mobile, because they don’t need to relate their position to a fixed world
frame.
The above mentioned reasons show many reasons for the use of visual control. The implementation of vision within a control loop however, is not straight forward. Visual control is a
broad area, which involves a fusion of many elemental areas including high speed image processing, kinematics, dynamics, control system design, motion planning, prediction and real-time
implementation [7]. Knowledge of those different areas is needed to study visual control. Because
of this multidisciplinary nature the area is touched by many researchers from various disciplines.
As a result the corresponding literature shows a non-consistent terminology.
The need to study different disciplines combined with the non-consistent terminology can
give difficulties for a control engineer to start a project on visual control. To lower this threshold and reduce project start up times the explorational study on visual control has resulted in a
manual on visual control. This manual functions as a starting point for further research and will
hopefully bring further research to a higher level.
A reason for visual control being not common practice in industry is the high demands it sets
to hardware specifications, what makes systems expensive. For this reason a case study to visual
control is performed on a non-dedicated low bandwidth robotic system using a non-dedicated
camera. To challenge this case study, the goal is set to develop this robot to a ping pong playing
system. The results of this research can be applied to a wide range of visual control systems
that work in a semi-structured environments where some prediction of the dynamic behaviour
of objects can be made. Examples of such dynamic tasks can be grasping of parts on a moving
conveyor system, assembly of articulated parts or to grasp from a mobile robotic system. To share
the results this case study is published in paper format.

Objective
The objective of this project is to investigate the use of computer vision as sensor in a control
loop. This should be done in both a theoretical and a practical way, by investigating the theory
behind visual control and apply the theory in a visually controlled system.
10

Within this objective the following sub-objectives are defined:
• Provide a solid basis for future research to visual control.
• Introduce a consistent terminology on visual control from a control engineering perspective.
• Show the potential of visual control on a practical low end setup.
• Identify control strategies to overcome limitations in performance and accuracy in visual
control.
• Give an analysis method to find bottlenecks within the robot ping pong system.

Outline
This report is divided in two parts. Part I gives a manual on visual control. This manual gives a
starting point for researchers which are new to the field of visual control. This manual discusses
the theoretical backgrounds of the use of visual control. Part II will present a case study on visual
control based on the Aris ping pong robot.
The first chapter of Part I indicates the place of visual control in the framework of computer
vision. In Chapter 2 a comprehensive categorization of visual control setups is given. The advantages and disadvantages of each configuration are given and a consistent use of terminology for
visual control is presented. Chapter 3 provides insight in the use of vision sensors. The working principles of cameras is presented, by focussing on issues relevant for visual control and a
comprehensive and systematic overview of data processing principles is given.
Part II of this report will present the visual control case study of a ping pong robot. The
explicit focus here is on dynamics and control of the system. The relevance and reasons for this
case study are given in Section 1. The used system will be presented in Section 2 and an overview
of data processing algorithm developed by Aris is given in Section 3. Contributions to efficient
pose estimation are given in Section 4, which shows the use of a monocular 3D pose estimator.
The dynamic analysis of the system and insight in the different subsystems is given in Section 5.
This section shows the tracking performance of the system which gave sufficient reason for the
implementation of ball impact predictors. Section 6 discusses two different predictors a Kalman
filter based discrete time predictor and a polynomial fit based continuous time predictor. The
paper is concluded with the conclusions and recommendations about the visual control system.
In depth discussions about certain issues presented in the part II are given in the appendices of
the presented paper.
The work will be concluded with a conclusions about the use of visual control in general and
recommendations on future research on visual control in .

11
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An explorational study on visual control
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Chapter 1

Concepts of visual control
This chapter describes the research fields in which this work has to be seen. Different areas
of interest have often overlapping research and by providing a broad scope on visual control,
expertise from multiple disciplines can be systematically investigated. Computer vision is used in
many areas of science and Section 1.1 will describe the field of computer vision briefly. Mechanical
engineers will mainly focus on machine vision, which is discussed in Section 1.2. Within machine
vision there is a specialized area called visual control which is of particular interest for control
engineers and which will be the focus area for the rest of the report. What is visual control
and what are the motivations and applications for visual control is discussed in Section 1.3. By
narrowing the scope via this top-down approach the reader will be able to place different fields of
research in the right perspective.

1.1 Computer vision
This section gives an introduction to computer vision in general. A comprehensive view of the
research areas involved in computer vision and their focus with respect to computer vision creates
a framework, which enables a more efficient literature research. It also encourages to make cross
connections between different computer vision related researches such that different methods
and results can be combined in new applications.
Vision can be defined as the act or power of seeing. Seeing is not the same as taking a
picture. The picture alone doesn’t give much information. A picture must be analyzed to draw
conclusions from it. Some conclusions can even only be drawn if a sequence of pictures over
time is analyzed. Scene capturing together with the analysis is the essence of vision.
Common features in all vision applications are:
1. the ability to record incoming light.
2. the ability to analyze the signal and in turn to draw useful conclusions from it.
The analysis methods, the drawn conclusions and the subsequent actions can vary a lot per application and activity. Some examples of activities are [34]:
• Controlling events (e.g. obstacle avoidance, missile interception) used in industry, robotics,
medical engineering, military and automotive.
• Recognition1 (e.g. scene reconstruction, recognizing objects, recognizing defects, finger
1

Recognition means that one or several pre-specified, learned objects or object classes can be recognized
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print recognition) used for industrial inspection, medical image analysis and topographical
modeling.
• Identification2 (e.g. search algorithms that find people in image sequences, identify behaviour of people) used in data bases and security purposes.
• Detection3 (e.g. detecting movements and behaviour of people, detecting abnormal cells or
tissues, product scanning) used in the surveillance sector, medical applications and industry (package handling).
• Interaction (e.g. humanoids, robotic pets, household robots) used in entertainment, domestic appliances and health care.
Not only the activities, but also the research areas investing vision are very diverse. Research
areas involved are control technology, robotics, signal processing, artificial intelligence, physics,
imaging, neurobiology, mathematics and machine learning. This list is not exhaustive and during
time, applications of vision are often found in other research areas.
Many vision systems are focused to let a robot perform dynamic operations, such as moving,
grasping or using tools. These systems typically use vision as a sensor to record the environment
and extract useful control input from it. This approach is often found in control technology and is
called machine vision in literature [16]. Artificial intelligence research studies vision applications
in combination with pattern recognition and learning techniques [27, 35]. The area of optics describes the behavior and properties of light and the interaction of light with matter. This involves
the study of lenses, behaviour of light and reflectance of light by different objects [34].
Vision systems are also of interest for non-technical studies, such as neurobiology. Neurobiology focusses in special on biological vision systems, in which the eyes, neurons and the brain
structures devoted to processing of visual stimuli are studied. These studies have resulted in a
subfield within computer vision where artificial systems are designed to mimic the processing
and behaviour of biological systems.
The research areas mentioned above give a glance on the fields that use vision technologies
and illustrate the broadness of the field. From a mechanical engineering point of view, the main
interest is in using vision to acquire environmental information, such as positions of objects.
This puts the focus on machine vision what will be discussed in Section 1.2.

1.2 Machine vision
As stated in Section 1.1, machine vision is a specialization within computer vision. Machine vision
is the application of computer vision to industry and manufacturing [34]. Many machine vision
systems are programmed to perform defined tasks, which can roughly be subdivided in [37]:
• Product inspection and selection, which analyze the product by searching for certain features, in images or image sequences, such as colors, shapes or movements on which products can be selected. Product inspection is often seen in quality control and product selection in material handling.
2
3

Identification means that an individual instance of an object is recognized
Detection involves scanning image data for a specific condition
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• Product alignment, which involves determining the position or orientation of a product.
This analysis is the input for a new process step, which often involves a machine action
guided by a control loop that handles the position or orientation information as a setpoint.
This technology is often seen in semiconductor industry.
• Visual control, where the vision sensor is embedded in the control loop. This gives a constant tracking of the object. This approach is not common practice yet in industry, but is
coming up quickly. It is often used for handling dynamic objects or dealing with unstructured and unknown environments. Therefore it is mostly applied in natural or human
environments, such as horticulture, traffic and domestic robots.
The common procedure in all these areas are to capture the object of interest by a camera
and extract pre defined features of interest from the image. The output of the vision algorithm
is used as input for the machine control system and only a new setpoint is generated if the robot
has reached the previous one.

1.3 Visual control
As stated above, visual control is a special category within machine vision. Visual control differs
from other machine vision applications by embedding the vision sensor in the control loop. Thus
the position of the object of interest is constantly tracked. This in contradiction to, for example,
most pick and place machines and wafer alignment systems, where the object is assumed not to
move after the capturing step has taken place.
This constant tracking of objects enables systems, in principle, to work in unstructured and
dynamically changing environments. The fist steps in this field are already taken and examples
of applications of visual control are:
• Collision avoidance [12] (e.g. cars guided by visual control, visually controlled vacuum cleaners).
• Compensation of dynamic effects [14].
• Human interfacing (e.g. elderly or disabled assistance [4] or entertainment systems as toy
pets or ping pong robots).
• Working in unstructured environments [12] (e.g. fruit picking, planetary exploration robots).
• Grasping objects [1] (e.g. ping pong robots)

17
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Chapter 2

Visual control implementation
Visual control is a broad area, which involves a fusion of many elemental areas including high
speed image processing, kinematics, dynamics, control system design, motion planning, prediction and real-time software [7]. Because of this multidisciplinary nature, the applicable literature
is scattered over a lot of areas of interest and often a fusion of many literatures is needed to get insight in the whole visual control process. An obstacle in a literature research is the non-consistent
use of terminology in visual control. This mainly occurs in terminology used tor describe the
control loop configuration. To introduce a consistent terminology this chapter will categorize and
explain the different control configurations.
The chosen control strategy in visual control depends on both the physical setup of the system
and the used data processing algorithms suited to acquire the input for the control system. This
report distinguishes the five mutually exclusive configurations given below:
• Eye-in-hand versus uncoupled camera
• Indirect visual control versus direct visual control
• Image based visual control versus position based visual control
• Endpoint open-loop versus endpoint closed-loop
• Model based visual control versus tracking based visual control
These configurations form together a binary tree with at each level two mutually exclusive
configurations. This makes 25 = 32 combinations, which are too many to visualize in one tree
here. To get an impression of the binary tree Figure 2.1 presents the first 3 layers of this tree.
Section 2.1 till 2.5 will discuss each layer and the advantages and disadvantages of each option.
For an abbreviation of the equations behind these configurations is referred to Hutchinson et
al. [18].

19

Figure 2.1: Visualization of the first 3 layers of the binary tree of configurations.

20

2.1 Eye-in-hand versus uncoupled camera
The first categorization is made by the placement of the camera. If a camera is placed independent from the robot at a known position under a known orientation, the uncoupled camera
configuration is used. This configuration gives the possibility to observe the position of the robot,
the position of the object or both, via the camera . As is proven by Muis et al. [29], the uncoupled
camera doesn’t need to stay at one place as long as the position and orientation of the camera is
known.
The alternative is to mount the camera relatively close to the end-effector so it will move
along with the end-effector. This configuration is called the eye-in-hand configuration although
coincidentally the term end-effector-mounted camera configuration is used [5]. From its position
at the end-effector, the camera observes the position of an object relative to its own position.
The difference between the two configurations is visualized in Figure 2.2 and 2.3, while Figure 2.4 and 2.5 give a schematic representation of the control loop of both configurations. An
overview of the below discussed advantages and disadvantages of each configuration is given in
Table 2.6.

Figure 2.2: uncoupled camera set up

Figure 2.3: eye-in-hand set up

The uncoupled camera configuration measures both the position of the object and the position of the robot. The difference between the two is called the error and will be used as controller
input. Because two position measurements are made there will be two measurement errors,
which can each influence the control input. This in contrast with the eye-in-hand configuration,
where a direct measurement of the error between the object and end-effector position can be
made and only one measurement error is introduced.
If the camera in the uncoupled camera configuration observes the position of the object and
the robot separately, a reference frame needs to be defined. The position of the camera within
this frame needs to be calibrated with respect to this reference frame. This easily introduces
calibration errors and can lead to long system installation procedures. For an uncoupled camera
configuration the calibration issue is avoided when the camera observes both object and robot,
because this allows a measurement of the relative distance. It need to be noted that for this
measurement still the third dimension needs to be known. The eye-in-hand configuration works
based on relative positions and therefore does not need a reference frame. This eliminates the
need for calibration with respect to a reference frame and increases the mobility and system setup
time [18].
When the end-effector in the eye-in-hand configuration moves closer to the object and movements become more crucial, the projection of an object on the photographic sensor generally
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enlarges. This enlargement will increase the scale in terms of pixels/m2 and therefore the accuracy. This in contradiction to the uncoupled camera configuration where the camera often
remains at the same position and where the view on the object can even be blocked by the robot.
The mobility of the camera in the eye-in-hand configuration offers the possibility to change
the point of view of the camera, which enables the analysis of the object from different perspectives. This offers the possibility to avoid occlusions and enables a better examination of the object.
This can also impose a limitation on the process, since the optimal tooling position and orientation can be conflicting with the optimal point of view. In the uncoupled camera a point of view
can be chosen free from the end-effector position, what can be an advantage. If the uncoupled
camera has a fixed pre-defined point of view the position needs to be chosen with care [1].
The eye-in-hand configuration is investigated in several researches [2, 7, 12, 29, 30]. Mobile
robots use the eye-in-hand principle extensively. Guilherme et al. [12] give a review of the different
navigation principles used. Mobile robot navigation is the basis for many Robocup robots, where
the camera is used for estimating the position of the robot in the soccer field and the distance of
the robot to objects as the ball, the goal or other players [2].
Examples of uncoupled cameras configurations can be found in nowadays industrial systems
as wafersteppers and pick and place systems. Andersson [1] uses 4 uncoupled cameras to track a
ping pong ball for a robotic ping pong player.
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Figure 2.4: eye-in-hand configuration.
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Figure 2.5: uncoupled camera configuration.
Advantage eye-in-hand configuration

Advantage uncoupled camera configuration

• direct measurement of control input (the
error)

• camera can be placed at an optimal point of
view

• elimination of several calibration issues
• higher accuracy when distance till object becomes smaller
• improves mobility of robot
• offers possibilities for different perspectives
and occlusion avoidance

Figure 2.6: eye-in-hand versus uncoupled camera
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2.2 Indirect visual control versus direct visual control
In 1980, Sanderson and Weiss [32] introduced a classification of four different visual control
structures. This comes down to a binary tree with a height of two and is actually based on two
mutually exclusive choices, of which one of them is dynamic-look-and-move versus visual servoing. These terms are nowadays wide spread but not consistently used. The term visual servoing
is nowadays used for both configurations [7, 22, 39]. Because of this non-consistent use of terminology, the terms direct and indirect visual control, as given by Mathelin et al. [26], will be used
in this report.
Direct visual control uses the output of the vision sensor as direct position feedback for the
control of joints. Indirect visual control uses more conventional joint control and applies a cascade control, in which the vision loop serves as master (outer)-loop and the joint controllers as
slave (inner)-loop [24]. The difference in control layout is visualized by Figures 2.8 and 2.7. An
overview of the below discussed advantages and disadvantages of each configuration is given in
Table 2.9.
The low sample rate and significant delays of most vision systems result in a low bandwidth
of the joint controllers in direct visually controlled system. This makes the control a challenging
problem, especially when the robot has complex, non-linear dynamics [7]. Conventional joint control often works on higher bandwidths, so an advantage of indirect visual control is the capability
to compensate non-linear dynamics, gravity, inertia, etc. This provides the vision (master)-loop
with linearized axis dynamics and makes the master loop control easier.
Direct visual control can also be difficult because it introduces a coupled system, both dynamically and kinematically. By use of direct visual control it is often difficult to distinguish different
kinematic or dynamic behaviour of different parts in the system. Because indirect visual control
controls every joint separately the system can be uncoupled, so the influences of every joint can
be better examined.
The separate control of every joint and the direct measurement of the motor movements
makes it easier for indirect visual control to implement limitations as maximum speed or limited
movement range.
A practical issue in favor of indirect visual control is the fact that many robots already have an
interface for accepting Cartesian velocity or (incremental) position commands [18].
With the increase of camera framerate, direct visual control gets more into scope. This makes
that the camera can directly compensate for unmodeled effects between the actuator and the endeffector, such as the Abbe effect. If the dynamic effect occurs within the bandwidth of the visual
control system observing the dynamic effect, a controller can compensate for these effects. This
would allow more loosen constraints on the mechanics of a system.
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Figure 2.7: indirect visual control via eye-in-hand.
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Figure 2.8: direct visual control via eye-in-hand.
Advantage direct visual control

indirect visual control

• direct compensation for unmodeled effects between actuator and end-effector

• compensation of various dynamic effects by high sample rate of inner-loop
• more straightforward to induce movement limitations
• uncoupling of the system
• robots have already Cartesian velocity
or position references input interfaces

Figure 2.9: direct versus indirect visual servoing
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2.3 Image based visual control versus position based visual control
The second classification introduced by Sanderson and Weiss [32], is between image based visual
control and position based visual control. Image and position based visual control are sometimes
called feature and cartesian based visual control, respectively. Here the more common terms of
image based and position based will be used.
The difference between image based and position based visual control is whether extracted
image features are used directly for control input or further processed by a pose estimation.
In position based control the pose of the object of interest is estimated by a pose estimation
technique. This pose estimation step provides the controller with control input that is defined in
a Cartesian (X, Y, Z) coordinate system. This in contradiction to image based control, which has
no pose estimation step, and provides the controller pixel set features in image coordinates (u, v).
The difference between image based control and position based control is shown in Figures 2.10
and 2.11 for an indirectly controlled eye-in-hand system. An overview of the below discussed
advantages and disadvantages of each configuration is given in Table 2.12.
As can be seen in Equation 3.2 and 3.3 in Section 3.1.2 the position of a projected point on
the photographic sensor holds a non-linear relation with the position of a point in the captured
scene. For a 3D pose estimation of the object all pose estimation algorithms in Section 3.3 need
extra information. If the image coordinates are only known in pixels also a scaling constant is
needed to convert the pixel position on the photographic sensor to SI standards. This lacking
third dimension and unknown scaling makes image based visual control challenging, since the
plant is non-linear and highly coupled [18]. This in contradiction to position based visual control,
where the control input is linearized by the pose estimation step.
To perform a pose estimation, a calibration procedure is needed. What needs to be calibrated
depends on the used pose estimation technique and will be discussed in more detail in Section 3.3.
This calibration introduces calibration errors which are structural. Image based visual control
has an advantage in the elimination of some calibration errors. Furthermore, elimination of
calibration procedures also gives an easier setup procedure. It need to be noted that image based
visual control often still needs camera calibration to determine intrinsic camera parameters such
as image distance, focal length and pixel pitch.
Another advantage of image based visual control is the reduction of computational delays, by
elimination of the pose estimation step. For digital image correlation, often used in stereo vision,
this delay can be significant [33].

26

Figure 2.10: image based indirect visual control via eye-in-hand.

Figure 2.11: position based indirect visual control via eye-in-hand.
Advantage image based visual control

Advantage position based visual control

• reduction of computational delay

• simpel control design due to linearizing pose estimation

• eliminate errors due to camera calibration

• Kinematic uncoupling of plant

Figure 2.12: Image based visual control versus position based visual control
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2.4 Endpoint open-loop versus endpoint closed-loop
Hutchinson et al. [18] point out another categorization by distinguishing endpoint open-loop
(EOL) and endpoint closed-loop (ECL) systems. In ECL systems, the position of the end-effector
is determined by the camera system, while EOL uses a known kinematic relationship between
the end-effector and camera. This introduces an extra summation point in the control loop in an
eye-in-hand configuration. The difference between ECL and EOL for an indirectly visually controlled position based eye-in-hand configuration is shown in Figures 2.13 and 2.14. An overview
of the below discussed advantages and disadvantages of each configuration is given in Table 2.15.
An advantage of ECL is the elimination of the calibration of the kinematic relation between
the end-effector and the camera. This eliminates the effects of calibration errors. Another advantage of the direct observation of the end-effector in ECL is the possiblity to correct for unknown
dynamic behaviour or kinematic relationships between the camera and the end-effector, what can
increase the accuracy of the system. It has to be noted that these dynamics occur often at high
frequencies, which are beyond the bandwidth of the control loop.
Because of the need to observe the end-effector, ECL introduces constraints on the positioning
of the camera. This need for observation of the end-effector also blocks the field of view of the
camera. Another disadvantage of ECL is the more demanding data processing, because often
both the position of the object and the end-effector have to be processed. This extra processing
will also increase the computational delay.
At the crucial moment of contact between the end-effector and the object, both will be within
the field of view in the ECL configuration. In most EOL configurations however both object and
end-effector will be out of view at this crucial moment.
Hollinghurst and Cipolla [14] use the eye-in-hand principle in combination with ECL and their
result confirms the advantages mentioned above. They also state that the mechanical constraints
on the system get more loosen by the use of ECL, which can give a cost benefit by allowing ’sloppy
mechanics’.
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Figure 2.13: ECL position based indirect visual control via eye-in-hand.

Figure 2.14: EOL position based indirect visual control via eye-in-hand.
Advantage ECL

Advantage EOL

• Compensation for unknown dynamic
behaviour or kinematic relationships between the camera and the end-effector

• Less constraints on the positioning of
the camera

• Possibility to use inferior mechanics
Disadvantage ECL

Disadvantage EOL

• End-effector can block field of view

• The contact moment between the endeffector and the object can be out of view

• More demanding data processing

• Extra calibration steps needed

• Increase of computational delay

• Introduction of calibration errors

Figure 2.15: Endpoint closed-loop versus endpoint open-loop

29

2.5 Model based visual control versus tracking based visual control
The last categorization is based on the used abstraction level of the system. Systems directly reacting on image processing results can be considered to be tracking based visual control systems.
These systems are often focussed on high bandwidths. On the other hand, model based visual
control uses a model of the scene, a model of the dynamics of the tracked object or makes routings for the robot. The control scheme of an EOL indirectly visually controlled position based
eye-in-hand configuration is given in Figure 2.18 and 2.19 for the tracking based and the model
based configuration, respectively. An overview of the advantages and disadvantages of each configuration is given in Table 2.20 and will be discussed in this section.
Corke [7] discusses the arc given in Figure 2.16 and calls the dashed line the ’short-circuited’
information flow in a direct visual control (visual servo) system. In his arc the dashed line goes
directly from Feature extraction to Joint control. This is partly true, because scene interpretations
such as pose estimation can also be part of the direct visual control configuration. This arc does
not indicate whether a slave controller is build around the joint controller (indirect visual control)
or whether direct visual control is used. This makes the arc good visualization of the difference
between model based visual control and tracking based visual control, without excluding any of
the configurations discussed in Section 2.1 till 2.4.

Figure 2.16: Object tracking within visual control [7].
Model based visual control is often done when prediction of certain phenomena is possible.
By predicting phenomena a more optimal routing can be chosen, so systems can react more
efficient. This can speed up processes or lower system demands in terms of bandwidth. An
example of the effect of predicting a linear motion of an object can be seen in figure 2.17. Without
motion prediction, the robot in this example would make a curved trajectory because this reduces
the error quickest. This is not optimal, because of a motion reversal. In case the robot’s maximum
velocity is smaller than the object’s velocity, the robot could even miss the object. A motion
predictor would enable the robot to move in a straight line perpendicular to the object’s track,
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what eliminates the motion reversal and shortens the path length. This simple example shows
that the use of motion predictors can improve the performance or can lower the system demands.

Figure 2.17: Intercepting movement with and without motion predictor.
An advantage of a tracking based visual controller is the ability to directly react on changing
situations. If an unmodeled event happens a model based visual controller is often not capable to
react directly, due to an insensitivity of most models to changes.
As indicated in Chapter 1, many research areas study computational vision. Research areas as
artificial intelligence use computational vision because of its richness in information and therefore almost always use model based visual control. Robocup teams are often a typical example of
model based visual control, because they often work with a team strategy [15, 21] based on a world
model. Heinemann et al. [13] use an extended Kalman filter to predict the movement of the ball
in Robocup soccer.
An example of tracking based visual control is given by Corke [7, 6] who focuses on high
bandwidth and tries to lower delays by leaving out typical computational steps made in model
based visual control.
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Figure 2.18: EOL position based indirect visual control via eye-in-hand based on tracking.

Figure 2.19: EOL position based indirect visual control via eye-in-hand based on a model.
Advantage motion prediction

Advantage object tracking

• more efficient routing of robot

• no motion model needed

• lower system demands in terms of
bandwidth

• no motion model dependence

Disadvantage motion estimation

Disadvantage object tracking

• increase of computational delay

• no optimal routing

• depends on accuracy of used model
• cannot handle unmodeled events
Figure 2.20: motion estimation versus object tracking
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Chapter 3

Vision sensor
For a control technologist it is important to know the behaviour of the different parts of a system.
An important component in a visual control systems is the vision sensor. This section will discuss
the underlying steps of the vision block in detail. The different subsequent steps are shown in
Figure 3.1. These steps are often not clearly indicated in literature and therefore this section will
introduce this systematic overview. The functionality of every step will be discussed and possible
pitfalls will be indicated. The introduction of this chapter will explain every step shortly, while the
following sections will discuss each step in more detail.

Figure 3.1: Steps within vision.
The vision process consists of converting incoming light into usable control input. The process can generally be divided in the acquisition phase, the data processing phase and, in case of
position based visual control, a pose estimation phase. The acquisition phase captures incoming light and convert this into computer program readable images. The data processing phase
converts the raw video signal into usable control input. The acquisition phase is done by a camera capturing the scene and generating an electronic signal. This signal is then transported to
a computer and, in case of an analog signal, converted by an A/D converter (framegrabber) into
computer readable images. This image is the input for the data processing phase, which converts
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the signals into qualified measurable features of an object in the scene. Those features can be
used as direct control input or as input for a pose estimation algorithm that can reconstruct the
pose of the object based on the found features.
Some visual control systems have a pre-processing step to improve and correct the raw image. Both the input and the output of the pre-processing step are images. The result forms the
input for the segmentation step, where the pixels are classified and grouped into pixel sets. This
segmentation step is done in two separate steps, the pixel classification step and the pixel set
representation step. The pixel classification step classifies each pixel in the image. This classified
image is further processed by the pixel set representation step that determines whether certain
pixels belong to the same pixel set or not. These pixel sets form the input for the feature extraction step where features of interest will be calculated for every pixel set. This results in pixel sets
that are labeled by features. Because not all pixel sets represent objects of interest, the pixel set
elimination step filters the pixel sets based on pre-defined criteria. This elimination can be done
based on selection criteria between pixels in subsequent images, of which a good example is the
tracer of Aris B.V. The result, in case no errors have occurred, is a set of pixels that corresponds to
an object of interest in the scene. The features of this set of pixels can be used directly as control
input or can serve as input for a pose estimation. This pose estimation step reconstructs the pose
of the object of interest based on the extracted features. After this step the vision block can pass
the information on to the controller.

3.1 Image acquisition
This section discusses in a nutshell the functional parts an properties of an electronic camera.
The different parts needed for the acquisition phase are given in Section 3.1.1. This is followed by
some guidelines for making good recordings in Section 3.1.2

3.1.1 Camera parts
A camera generally consists of an enclosed chamber with one opening for light to enter. This
opening is called the diaphragm. In the chamber, a lens and a photographic sensor are placed
to bundle and record the incoming light. A shutter regulates the amount of light that enters
the chamber. The opening, lens, photographic sensor and shutter form the basic elements for a
camera and will be subsequently discussed in this subsection. To make a good recording, proper
illumination is very important. Section 3.1.2 will discuss different illumination options.
Diaphragm
The diaphragm is an opaque structure with an opening, called aperture. It regulates the incoming
light, in terms of direction. The diaphragm stops all the incoming light except for the light
passing through the aperture. Therefore the diaphragm is also called aperture stop. The amount
of incoming light is determined by the size of the diaphragm and the shutter time [20].
Shutter
The shutter is an opaque structure, which is mostly mounted in front of the focal plane. By opening and closing the shutter the time that light is shed on the photographic sensor is controlled.
This amount of time is called the shutter time.
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Lens
Roughly speaking there are two types of lenses, the concave and convex lens. The convex lens,
also called positive or converging lens, bundles a collimated beam that is parallel to the optical
axis in one point, the focal point. This focal point is on the optical axis at a certain distance from
the lens, the focal distance. A concave lens, also called negative or diverging lens, diverges a
collimated light beam. The plane at the focal distance from the lens perpendicular to the optical
axis is called the focal plane. In this plane all collimated incoming light beams have their focus,
in case of monochromatic light passing through a non-aberrated lens. A visual impression of the
latter is given in figure 3.2.

Figure 3.2: Two collimated light beams traveling through a thin convex lens.
Most cameras use different lenses in serie of which at least one is concave. The concave lens is
used for bundling the light to make a projection on the photographic sensor. To capture an image,
a photographic sensor is placed parallel to the focal plane of the convex lens at a place where all
light beams from a point are bundled, as is shown in Figure 3.3. Here f is the focal length, u the
distance from the object till the lens and λ the distance from the lens till the photographic sensor,
also called the image distance. For a lens with neglectable thickness the relationship between the
three is given by Equation 3.1. This shows that for image capturing the photographic sensor must
be placed at a distance λ > f to form an image [38].
1
1
1
= +
f
u λ

Figure 3.3: capturing an image.
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(3.1)

Photographic sensor
The photographic sensor, also called image sensor, is subdivided in a rectangular grid of pixels.
Each pixel converts incoming photons into electrons whereas all those pixels together form a
projection of the scene, an image. The electrons are stored in a capacitor and the charge of
this capacitor is a value for the light intensity on the pixel. After digitalization, this intensity is
represented by the gray value of the pixel in the computer image.
To distinguish colors, the light needs to be separated before it reaches the photographic sensor. The most common way to separate the incoming light is by using a Bayer filter, which filters
the red, green and blue component of the light. This filter is a transparent colored matrix, with a
pattern shown in figure 3.4. The filter is mounted in front of the photographic sensor. Note that
twice as many green elements as red or blue are used to mimic the human eye, which is more
sensitive to green light. By demosaicing, the different color sensors are combined to get a full
color image.
An undesired effect of the Bayer filter is a noticeable color defect at sharp transitions in color.
This is shown in figure 3.5, where red colors are observed at a transition between white and blue.
This is because the red and green values will be averaged with the surrounding values. A more
accurate way is to split the light in red, green and blue light beams and capture the different light
beams on 3 separate photographic sensors. A disadvantage of this more accurate system is the
cost and the need for alignment of 3 different sensors [3].

Figure 3.4: The Bayer filter

Figure 3.5: Color defects due to Bayer filter

Photographic sensors can roughly be subdivided in Charge-Coupled-Devices (CCD) and Complementary Metal-Oxide-Semiconductor sensors (CMOS). The difference between the two is in
the read out of the electronic charge. With CCD sensors, the electronic charge of each pixels in
one array is transferred sequentially to a common output source which converts the charge to a
voltage, buffers it and sends the analog signal off-chip. In a CMOS sensor, the charge-to-voltage
conversion takes place at the pixel. After that conversion the signal of each pixel is digitally transferred [25].
Since CMOS sensors generate a digital signal, there is not much conversion needed to import
the signal in the data processing phase. CMOS sensors can read out every pixel individually and
therefore it is possible to read out only parts of the image. This can increase the framerate, since
the amount of generated data per image becomes lower.
With CCD devices the signal is amplified and transferred as an analog signal. For most analog
cameras, this transfer goes via the PAL (Phase Alternate each Line), NTSC (National Television
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Systems Committee) or SECAM (Sequential Color with Memory) standard. These standards originate from television and differ per region. Western Europe generally uses PAL. The technical
principle behind the 3 systems is the same and the differences are in the resolution and the used
framerate. All systems use interlaced scanning fields, what means that alternately the odd and
even lines (rows) are read out. This makes that one image or frame consists of 2 fields. Generally
speaking both PAL and SECAM scan 25 frames per second with 625 lines per frame of which 576
lines are visible. NTSC scans 30 frames/second of 525 lines of which 480 lines are visible. The
horizontal resolution is determined by the way each line is digitalized. PAL has 768 pixels/line of
which 704 pixels/line are visible [3, 34, 38]. These numbers are the initial standards for television,
but with the rise of computers and digital television many other formats have been introduced.
Figure 3.6 give an overview of the nowadays formats, but it is behind the scope of this project to
discuss them all.

Figure 3.6: Display standards comparison.
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3.1.2 Capturing
With the parts discussed in Section 3.1.1 it should be possible to make a recording of a scene.
Figure 3.7 shows the ideal working of a camera. In this situation, light that goes through the
middlepoint of the lens from any arbitrary angle goes straight on and makes a projection on the
photographic sensor.

Figure 3.7: Rectilinear projection model.
Using similar triangles it can be shown that the coordinates (u, v) of a point on the image
place are related to the world coordinates (X, Y, Z) by:
u=−

Xλ
Y −λ

(3.2)

Zλ
(3.3)
Y −λ
Equations 3.2 and 3.3 show two important characteristics of a lens: image inversion and a singularity at Y = f . Most cameras however have already compensated for the image inversion, such
that the minus in Equation 3.2 and 3.3 has to be left out.
This projection model also reveals the way an object is projected. An image of a surface has
only the same scaled characteristics when the surface is perpendicular to the optical axis. It can
be verified, by geometric mathematics, that the projection of a circle, that is not perpendicular to
the optical axis, appears as an ellipse on the photographic sensor.
Whether such an ideal projection is realized depends on many parameters. Some parameters
are fixed by the type of camera and some can be adjusted. This subsection will give more insight
in the phenomena that can occur and parameters that have to be taken into account. Knowledge
of these phenomena and parameters will enable the reader to make a more careful selection of
the vision and illumination devices. It also gives insight in the influence of the scene on the
vision settings that have to be used.
v=−

38

Illumination
A good projection of an object on the photographic sensor greatly depends on the illumination.
The illumination, combined with the reflective characteristics and pose of the object, determines
which light reaches the camera. The illumination determines greatly the visibility of the observed
object. Four common types of illumination setups will be given here [9].
• Diffuse lighting. In this situation light falls from everywhere on the object. In case of
smooth or completely diffuse surfaces, this gives an ideal representation of the object on
the photographic sensor.
• Backlighting. A collimated light beams shines straight in the camera. By placing an object
between the lightsource and the camera, the shadow of the object projects the shape on the
photographic sensor. This produces a black and white (binary) image. It can be used if a
silhouette of an object is sufficient and if shapes or boundaries have to be detected.
• Structured lighting. In this setup, a light pattern is projected on the object of interest. This
way of lighting is often used for making pose estimations or detecting surface curvatures
and will be further discussed in section 3.3.
• Directional lighting. Here a collimated lightbeam is lit on a surface. By knowing the pose of
the light source, the direction of the reflected light gives information about different surface
orientations. This illumination setup is often used for surface inspection.
For many applications it is important to have constant illumination. Fluctuations in the luminance (brightness) will change the perceived color. Also the use of different types of light sources
can change the perceived color, since different light sources have a different light spectrum. Fluctuations in the perceived light can cause major problems in the data processing phase, as will be
seen in Section 3.2.
Another common flaw is the use of cameras that have a sampling frequency that is close to the
used electric frequency. So will an analoge 50 Hz PAL camera interfere with the utility frequency
of 50 Hz in Europe.
Surface reflectivity
The recorded image is also dependent of the surface and pose of the object. Generally, there are
three surface types, which are visualized in Figure 3.8. In practice, smooth specular reflecting
surfaces, as in figure 3.8a, are rarely seen whereas most surfaces have a rough microstructure
which causes the light to be reflected as in Figure 3.8b. Some materials show a kind of mixed
reflectivity which is partly specular due to reflection at the smooth surface and partly diffuse
caused by body reflection, see Figure 3.8c.
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Figure 3.8: Three different surface types.
Focal ratio
The focal ratio, also called f -number, f -ratio or relative aperture, indicates the amount of light per
unit area that reaches the image plane of the system. The focal ratio is often indicated with N and
calculated by equation 3.4, where λ is the image distance and d the diameter of the aperture [34].
N=

λ
d

(3.4)

Both the focal ratio and the shutter speed regulate the amount of light on the photographic sensor
during a certain period. If a lens has a big maximum aperture, the focal ratio rises. The term
lens speed is directly related with the focal ratio and relates to the maximum aperture. A lens
with a larger maximum aperture (that is, a smaller minimum f -number) is a fast lens because it
delivers more light intensity (illuminance) to the focal plane, allowing a faster shutter speed.
Depth of field
The depth of field is the distance range in which an object appears sharp (in focus) on the focal
plane. In theory there is only one unique plane in the field of view where objects appear sharply.
This is the image plane, which is perpendicular to the optical axis at a distance u of the lens. A
point-object in this plane maps on the focal plane as a very small spot. The same object that is a
little bit further or nearer will not be fully in focus and will appear as a vague circular spot on the
focal plane. This growth of such a spot can be neglectable such that an object still appears to be in
focus. Therefore the allowable size of this circle defines which objects are still in focus and which
not. The size of the maximum allowable circle is called the circle of confusion. By defining the
circle of confusion, also the range in which objects are in focus is defined. This range is called the
depth of field and depends on the focal length f , the aperture stop diameter d, the image distance
v and the circle of confusion c. With these parameters the near and far limits of the depth of
field can be calculated for non-aberrated lenses according to Equation 3.5 and 3.6, respectively. A
graphical representation of the depth of field and circle of confusion is given in figure 3.9.
DN =

λvd
vd − λd + vc

(3.5)

DF =

λvd
vd − λd − vc

(3.6)
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These equations show that a smaller aperture stop, gives a longer depth of field. A long depth
of field allows objects at a wide range of distances to be in focus at the same time, what can
be necessary when the distance of the object is not known beforehand. It need to be taken into
account that at low shutter times, the shutter is fully open for only a fraction of the exposure. This
makes the effective aperture less and the depth of field greater than at long shutter times [20].

Figure 3.9: Depth of field.

Circle of least confusion
Recognizing that real lenses do not focus all rays perfectly under even the best of conditions, the
circle of confusion of a lens is a characterization of its optical spot. Therefore the term "circle of
least confusion" is often used for the smallest optical spot a lens can make, for example by picking
a best focus position that makes a good compromise between the varying effective focal lengths
of different lens zones due to spherical or other aberrations. Diffraction effects from wave optics
and the finite aperture of a lens can be included in the circle of least confusion.

Lens aberrations
Real optical systems do not give a perfect projection. There is always some degree of aberration
introduced by the lens. There are many different optical aberrations that can be the cause of
unfocussed images. Six primary aberrations are summed here, that all cause unfocussed images.

• Spherical aberration is the failure of axis parallel rays to form a point image in the direction
along the optical axis. See figure 3.10.
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Figure 3.10: Spherical aberration.
• Coma is an aberrations in which incoming off-axis light beams point do not converge at the
same point in the image plane. See figure 3.11.

Figure 3.11: Coma aberration [34].
• Field curvature is the effect of the best focus not being on a plane but on a curved surface.
See figure 3.12.

Figure 3.12: Lens curvature.
42

• Astigmatism is caused by non-point symmetric bending of light beams coming from an off
axis point. This causes two perpendicular planes of light to focus at different points. See
figure 3.13.

Figure 3.13: Astigmatism [11].
• Chromatic aberrations are caused by the difference in wavelength of the different colors.
This cause the colors in one lightbeam to focus at different points. See figure 3.14.

Figure 3.14: Chromatic aberrations.
Geometric distortions
Geometric distortions do not affect the sharpness, but the shape of the image. The major geometric distortions are barrel distortion and pincushion distortion. Barrel distortion is a divergence
from the rectilinear projection, as given in the beginning of this section. In barrel distortion the
image magnification decreases with increasing distance from the optical axis and the projection
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looks as if it is mapped along a sphere. With pincushion distortion the image magnification
increases with increasing distance from the optical axis. The image of a regular grid projected
under barrel or pincushion distortion is given in figure 3.15 and 3.16, respectively. The aberration
of an scene projected under such a distortion can be modeled. With such model a software correction can be applied to recover the undistorted image. To acquire such a model the lens need
to be calibrated, what can be done by the method of Tsai [36] or Devernay et al. [8].

Figure 3.15: Barrel distortion

Figure 3.16: pincushion distortion

Angle of view
The angle of view of a camera specifies the area of the scene that is captured. The angle of view
is taken over the diagonal of the picture, as can be seen in figure 3.17. Since the angle of view
in horizontal direction often differs from the vertical angle of view, it is also defined by giving a
horizontal and vertical angle of view.

Figure 3.17: Angle of view.
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Vignetting
Vignetting refers to a reduction in image brightness in the image periphery compared to the
image center, as is illustrated in figure 3.18. Vignetting is inherent to a lens, since object that are
far away from the optical axis have a smaller cone of emitted light that goes through the lens. A
small aperture reduces the relative difference in cone angle and can therefore reduce vignetting.

Figure 3.18: Vignetting.

Blooming
An overload of photons can charge a pixel sensor element up to its maximum capacity. If this
happens with some CCD sensors, the extra generated electrons will fill up the neighboring capacitors. This phenomena is called blooming or clipping. The effect of blooming will appear at the
actual image as a group of pixels which have the maximum pixelvalue. Blooming can generally
be avoided by reducing the shutter time. CMOS photographic elements have a natural immunity
for blooming and some high-level CCD elements have an anti-blooming feature [3, 25].

Motion blur
Another effect that can be caused by a long shutter time is motion blur. Motion blur is caused by a
relative movement of an object with respect to the camera. When the shutter time is too long with
respect to the relative move, motion blur occurs. This causes an unsharp ’moved’ or ’smeared’
projection of the object along its trajectory. Figure 3.19 shows an example of a recording of two
ping pong balls of which the left one shows a clear motion blur and will be difficult to use for a
visual control application.
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Figure 3.19: A recording with motion blur.
Interlacing
As indicated in Section 3.1.1 the television frame grabbing protocols work by interlacing the images. If a relative move between the camera and the object has taken place between the recording
of two fields the object does not appear at the same place on the photographic sensor. When
those two fields are combined to form a frame, the object will appear half at one and half at another place. For small relative movements of the object this causes an effect as in Figure 3.20.
For big relative movements the object can even appear two times. To avoid this effect, frame
shuttering can be used or the fields can be handled as different images. The latter one has the
advantage that the sample frequency is also increased and is therefore often used in visual control
applications [7].

Figure 3.20: Interlacing on an object with horizontal velocity.
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Dark current
CCD sensors do not use all available pixels of the photographic sensor for the imaging process.
The pixels which are not exposed to light are used as reference for black. Those pixels often still
generate a current, which is called the dark current. This current is generated because of thermal
energy that also excites electrons into the conduction band. By recording this current a correction
to the exposed pixels can be applied. The appropriate method to limit the dark current is cooling.
Because there is an exponential dependency of the dark current on the absolute temperature, the
dark current decreases dramatically with the temperature, one order of magnitude per 8-10 K.
Dirt on the sensor cover glass or lens
A trivial flaw is dirt on the cover glass of the photographic sensor or on the lens. Dirt can introduce
significant errors because it blocks incoming photons. The visibility of dirt in images strongly
depends on the focal ratio. At lower focal ratios it is less visible, because the dirt to aperture
ratio gets smaller which allows more light beams from the same object to reach the photographic
sensor.
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3.2 Data processing
The second part of the vision sensor is the data processing part. The acquisition part takes care
for a good image, but an analysis is required to draw conclusions about the scene. This section
will discuss the steps taken in the data processing part, as is indicated in Figure 3.1. Those steps
are subsequently: pre-processing, pixel classification, pixel set representation, feature extraction
and pixel elimination. The result at the end of this sequence of steps are features of objects of
interest within the image. For every step, different algorithms are available and this section will
introduce the most commonly used algorithms for each step.

3.2.1 Pre-processing
Pre-processing, sometimes called image processing, prepares the image to be processed properly.
Most pre-processing techniques treat the image as a two-dimensional signal and apply standard
signal processing techniques to it. Pre-processing is generally done to enhance the image or to
transform the image to another color space. Since pre-processing is often applied to every pixel
of an image, it can introduce significant computational delays and is therefore often avoided in
visual control.
Image enhancing
Image enhancing can generally be divided in pixel value adjustment and geometric corrections.
The former one involves the value of the pixels, while the latter one involves the place of the
pixels. It need to be noted that image enhancing can also be done locally, e.g. at one pixel set,
what will reduce computational delays.
• Pixel value adjustment. Most common types of pixel value adjustments are:
◦ Smoothing. Noise reduction is often the major reason for smoothing. Smoothing
is a well addressed topic in literature [9, 20]. The extend of smoothing is often a tradeoff between noise and contrast. Well known methods are: neighborhood averaging, in
which the pixel value is averaged by pixels in its surrounding, median filtering, in which
the separate pixel values are averaged with a local median value and image averaging, in
which the variability of the pixel values is reduced.
◦ Enhancement. This type of pixel value adjustment is often used to light up certain
features in the image or to adapt to changing illumination circumstances. One could think
about enhancing the contrast in dark regions or histogram equalization, in which differences between pixels become sharper [9, 20].
• Geometric corrections. An image is always a projection of a scene. Ideally, the scene is
projected as depicted in Figure 3.3. However for reasons mentioned in Section 3.1.2, this
is usually not the case and a geometric correction has to be applied to correct the position
of the pixels. Many geometric abberations can be measured and calibrated, for example
by methods as given by Tsai [36] or Devernay et al. [8]. If the desired outcome of the correction is again a rectangular grid with square pixels, the values of the new pixels have to
be calculated by interpolation, which can be computationally intensive. Examples of such
abberations are given in section 3.1 where barrel and pincushion distortion are described.
Other geometric corrections can be translation, where pixels are moved to another position
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in the image, and rotation, where pixels are moved in a circular movement. Geometric corrections that change the proportions of the image are, scaling, stretching and shearing [20].
Color space transformation
Depending on the camera and framegrabber used, the raw image is represented in monochrome
or in one of the colorspaces below. Monochrome is a 1-D representation of gray values of every
pixel. Perceiving color is more complicated and different colorspaces are used world wide. Every
colorspace has its advantages and disadvantages and this list gives a brief impression of commonly used colorspaces and some notes on their properties. For a more detailled discussion the
reader is referred to [3, 20, 34].
• CIE XYZ. The CIE XYZ, also known as CIE 1931, color space was created by the International Commission on Illumination and was one of the first mathematically defined color
spaces. This space is especially designed to encompass all colors the average human eye
can see. This color space is often used as reference standard for other color spaces. It is
very accurate, but too complex for everyday uses. Variants on this colorspace are CIELUV,
CIELAB and CIE 1964.
• RGB (Red Green Blue) RGB is the default color space in computer graphics. It is based
on the fact that the human eyes have receptors for red, green and blue. The RGB space is
a 3 dimensional space with the intensities of red, green and blue light along the axes, as
in figure 3.21. The space is easy to use, and because mixing primary colors is the same as
adding and scaling the color co-ordinates, image filters can easily be implemented. Variants on this colorspace are RGBA, sRGB, Adobe RGB and Adobe Wide Garmut RGB. A
noticable variant on RGB is rg chromaticity. In this colorspace red and green are normalized by dividing their value by the sum of the RGB color. This is a major advantage when
segmentation based on color is used and the scene is not evenly lit or vignetting occurs.
The lack of intensity information in rg chromaticity images removes this problem.

Figure 3.21: RGB color space.
• CMYK (cyan, magenta, yellow, black). The CMYK color space uses subtractive color mixing.
This is mainly used in the printing process, because it describes what kind of inks need to
be applied so the light reflected from the substrate and through the inks produces a given
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color. One starts with a white substrate (canvas, page, etc), and uses ink to subtract color
from white to create an image. These colors are cyan, magenta, yellow and black, as often
used as available colors in printer heads. This color space is not commonly used in visual
control.
• YUV. This color spaces come down to representing a color with two chromatic values (U and
V) and the luminance (Y). A representation of the (U,V) plane is given in figure 3.22. YUV
is originally used in PAL camera systems and nowadays also in NTSC systems. Formerly
NTSC used YIQ, which comes down to the same principle only that the YIQ color space
is 33◦ rotated with respect to the YUV color space. SECAM uses the YDbDr color space,
which is closely related to the YUV space. The advantage of the YUV space up to the
RGB space is the easy color classification, because of the split between the 2-D color image
and the 1-D intensity image. Therefore YUV is useful for environments with fluctuating
illumination, because it is more robust for those fluctuations than the RGB space. Because
the Y channel saves nearly all the data recorded by black and white, it is easy to convert
from YUV to monochrome representation. The conversion from RGB to YUV is generally
computationally intensive. Variants on this colorspace are YPbPr, for analog component
video, and YCbCr, for digital video.

Figure 3.22: Chromatic plane (U, V ) of the YUV color space.
• HSV (Hue Saturation Value), also known as HSB. Here Hue represents the color, Saturation the ’vibrancy’ of the color and Value the brightness of the color. This colorspace is
represented by polar coordinates for H and S, with H the degree and S the radius. V is
taken along the axis perpendicular to the HS plane, as visualized in figure 3.23. HSV is
more intuitive for selecting a color than YUV. It has, like YUV, the advantage of 2-D color
representation and is therefore also more robust for fluctuating illumination. The disadvantage of HSV is that the conversion from RGB to HSV polar coordinates is computationally
even more intensive that the conversion to YUV.
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Figure 3.23: HSV color space.

3.2.2

Pixel classification

Image analysis is the extraction of meaningful information from images. Therefore the pixels
have to be separated into different classes, what is done by the pixel classification step. In this step
is determined which pixels are relevant for further processing. Herefore the pixels are selected on
certain features (e.g. color or intensity transition) and putted in a certain class. Pixel classification
uses at least two classes (background and foreground), but can also use multiple classes. How
this classification is done depends on the desired information, (illumination of) the scene and
the quality of the image. The end result will be a classified image in which each pixel belongs to
a certain class. Classification can greatly reduce the amount of data. The most common methods
are thresholding and edge detection.
Thresholding
Thresholding algorithms define a region of pixel values of interest, based on the value of each
separate pixel. Pixels that are within this region are positively identified and pixels out of this
region are background. As indicated in the pre-processing step, the value of the pixel can be
given in monochrome or different color spaces. Depending on the representation of pixel values,
the thresholding can be 1, 2 or 3 dimensional. In case of monochrome values this region is 1D. For
color segmentation YUV and HSV use often the chromatic 2D regions and in case of RGB this
region is 3D. The outcome is a classified environment, with two or more classes. A big advantage
of thresholding is that it is quick and straightforward. The disadvantage is the robustness in
environments with fluctuating illumination. To make color thresholding more robust for these
fluctuations, the segmentation can be done in the YUV and HSV color space, because those
spaces have the illumination separated from the colors.
Boundary detection
A more robust algorithm for fluctuating illuminations is boundary detection. Boundaries are
sharp transitions in pixel values and can be detected by evaluating the slope in gray value transition for pixels in one line. This can be done by using gradient vectors, or by detecting the position
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of zero curvature, via the Laplacian operator [20]. A third option to detect edges is by using graphtheoretic techniques, in which the transition value between two pixels is calculated. By starting
from a certain pixel a minimum cost path algorithm can be applied. This will search the edge and
connects pixel edges based on their transition value. A common algorithm is to search around a
given edge pixel for the highest value in surrounding transitions [9].

3.2.3

Pixel set representation

The pixel set classification step identifies pixels of interest. This creates a classified image, but
does not give indicate whether certain pixels are in the same object. Pixel set representation
therefore connects pixels and creates pixel sets.
Regions
A representation of a pixel set, also known as blob, is generally generated by neighborhood operators. Neighborhood operators scan the surrounding pixels of a pixel of interest. Starting from one
pixel of interest, other pixels in a pre defined neighborhood of this pixel are evaluated. If a pixel in
this neighborhood is in the same category, the pixels will be defined to be in the same blob. This
process is repeated for all pixels in the same blob till no new pixels of the same category are found.
The size of the investigated neighborhood is called the mask, and is mostly 2 dimensional, but
can also be 1 dimensional [20]. Well known masks are the 4 point and 8 point connected masks,
that are visualized in figure 3.24 and 3.24, respectively. Once the blob is defined, the shape can
be adjusted by morphological operations, such as dilation and erosion [20]. These operators filter
out irregularities that can be caused by disturbances in the capturing process.

Figure 3.24: 4 point connected mask

Figure 3.25: 8 point connected mask

Boundaries descriptors
Most connections between boundary points are made by the same neighborhood operators as
used in blob shaping. This connects points of interest that together form a line. The most
simple way to represent this line for further processing is to record the pixel coordinates of every
subsequent pixel on this line. A more compact way of recording the line data is by using boundary
descriptors such as chain or crack codes. A crack code represents the edge as a series of horizontal
and vertical line segments on the edge of pixels. Chain codes follow the middle points of pixels
and can have horizontal, vertical and diagonal directions. Both chain codes and crack codes are
visualized in figure 3.26 [9].
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Figure 3.26: Boundary representation as either crack codes or chain codes.

3.2.4

Feature extraction

Once different pixel sets are defined, i.e. boundaries or blobs, features of those sets can be extracted. Which features are extracted and which algorithms are most applicable is very dependent
on the application and this section will mention the most common feature extraction procedures
in visual control. Depending on the way the objects are characterized in the object detection step,
the methods can be divided in methods based on regions and methods based on boundaries. It
need to be noted that boundaries can also be detected after a blob analysis and blobs can also be
formed a if boundary forms a closed ring.
Blob features
Once the shape of a blob is known, object features can be estimated. This can be any feature
describing the way the shape is positioned in an image. A well known set of features are the
moments, which have the significant advantage of using every pixel in the object, what makes the
algorithm robust. A moment of the (p + q)th order for a segmented image is:
XX
mpq =
up v q I(u, v)
(3.7)
u

v

Where I(u, v) is the binary image values of the object, with an object being one and a background
being zero. (u, v) is the position of the pixels in image coordinates of the object. Moments can
be given a physical interpretation by comparing them to mass distribution features of a physical
object. This interpretation makes, m00 , the total mass of the region. The centroid of the region is
than given by:
³m m ´
01
10
,
(3.8)
(uc , vc ) =
m00 m00
With the calculation of the centroid of the region the central moments can be computed according
to equation 3.9.
XX
µpq =
(u − uc )p (v − vc )q I(u, v)
(3.9)
u

v
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The second moments of area, µ20 , µ02 and µ11 , can be compared to the moments of inertia about
the centroid by:
·
¸
µ20 µ11
I=
(3.10)
µ11 µ02
From Equation 3.10 an ellipse with equivalent moments can be calculated. From this ellipse
the length and orientation of the major and minor axis can be calculated by equation 3.11 and 3.12,
with a and b being the major and minor radii, respectively, and λ1 and λ2 being the eigenvalues
of the second moment.
r
λ1
(3.11)
a=2
m00
r
λ2
(3.12)
b=2
m00
With m00 and the perimeter of an object, the circularity can be calculated by equation 3.13.
ρ=

4πm00
p2

(3.13)

Here p is the object’s perimeter. Also the eccentricity can be calculated by the moments [20]. By
normalizing the moments with m00 every order of moment becomes scale invariant, what can be
a major advantage for 3-D applications [7, 17].
Boundary features
Boundaries that can be described in a mathematical equation in the pixel coordinate frame (u, v)
can be detected by Hough transformations. Examples of such boundaries are circles and lines. A
Hough transformation can give an estimation of the mathematical parameters in the describing
equation. This is done by considering the unknown parameter of the mathematical equation as a
function of the other parameter(s). The coordinates (u, v) of different points of interest are used
as constants in the parameter space. This can be done for many lines and in the ideal situation,
all those lines intersect at the same parameter coordinates. Those parameter coordinates are the
parameter values for the best fitting mathematical equation in the (u, v) space.
An example of a Hough transformation for a line is given in figures 3.27 and 3.28, where the
line in the image plane given by:
v = a′ u + b′
(3.14)
The equation of this line can be rewritten to the (a, b) plane by:
b = −u a + v

(3.15)

Equation 3.15 can be used for every pixel on the line in the image plane. These pixels will all give
a linear line in the (a, b) plane and, ideally, intersect at (a′ , b′ ). The advantage of this method is the
evaluation of all boundary points, but a major drawback is the computational intensity. Because
of this drawback the method is not often used in visual control [3].
If a boundary is a closed circle, a Fourier descriptor can be used. To prepare the data for
Fourier transform the horizontal and vertical steps (u, v) along the boundary are converted to a
complex notation z(p) = u(p) + iy(p). For this notation one can start at an arbitrary point on the
boundary. If P is the perimeter of the curve, then
z(p + nP ) = z(p) n ǫ Z
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(3.16)

Figure 3.27: Boundary in uv space.

Figure 3.28: Detection in parameter space

A cyclic curve can be expanded in a Fourier series. The coefficients of the Fourier series are given
by:
Z
−2πiup
1 P
(3.17)
ẑu =
z(p)e( P ) dp, u ǫ Z
P 0
The periodic curve can be reconstructed from the Fourier coefficients by:
z(p) =

inf
X

ẑu e(

−2πiup
)
P

(3.18)

u=− inf

The coefficients ẑu are known as the Fourier descriptors of the boundary. Every pair of descriptors
ẑu and ẑ−u form an ellipse in the (u, v) space by adding them up, ẑ(p)u + ẑ(p)−u . By adding up all
the descriptors, as Equation 3.18 states, an infinite number of ellipses will reconstruct the original
shape. The advantage of this representation is the scale, rotation and translation invariance in
which the pixel sets are represented.

3.2.5 Pixel set elimination
Pixel set elimination is a filtering process in which pixel sets are judged based on their features.
Often a ranking among all segments of the same class is made. This is done by comparing the
features of the segments with an ideal feature representation of the object that the camera should
detect. This comparison is often based on pre-knowledge of the object of interest.
In practice, an allowable region is defined in which the feature may differ from the expected
value. This region can be for single pixel sets in one image or for a sequence of pixel sets over
multiple images. By setting a matching degree it can be indicated how much abberation from
the object feature is tolerated. For a certain selection criterium there is also an option to define
a matching degree. Since image information can be quite noisy the use of multiple loosely defined selection criteria is recommended, what will make the application less sensitive to specific
selection criteria.
Evaluating image sequences is a strong principle and is used in an efficient way at Aris B.V.
There a tracer is developed which analyses sequences of pixel sets over different images. This
allows loosen selection criteria and will still filter out the objects of interest [10].
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3.3 Pose estimation
Pose estimation is the final step in the video analysis. In the pose estimation step the found pixel
set features, which are defined in image coordinates, will be transformed to Cartesian coordinates. This will provide 3D information of the scene and converts positions in pixels to SI units.
This step is only needed for position based visual control.
As can be seen in figure 3.7, a point on the photographic sensor can be a projection of an
object at any position along a line of points. To get a 3 dimensional representation of a scene a
pose estimation step is needed.
For situations in which the photographic sensor is parallel to a plane of interest the problem
of pose estimation can be easily solved by measuring the distance between this plane and the
camera. Another option for this situation is to place an object of a known size in the scene
and measure its size in pixels on the image. This will result in a fixed scaling, which has to be
calibrated every time the distance between the camera and plane is changed.
If the distance between the camera and the object is not known a pose estimation has to be
made. In the following text three common methods for pose estimation are discussed.

3.3.1 Stereo imaging
Stereo imaging is the use of 2 cameras to make two recordings of the scene from a different
angle, as is shown in figure 3.29. By comparing the position of the projection of an object in both

Figure 3.29: Stereo imaging set up.
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scenes, the depth of the object can be estimated by equation 3.19.
Y =λ−

λB
u2 − u 1

(3.19)

In which Y is the distance of the object, B the distance between the two lens centers and u1
and u2 the position of the object in camera 1 and 2, respectively. A difficult step in applying
equation 3.19 is to actually find two corresponding points in different images of the same scene.
Since these points are generally in the same vicinity, a frequently used approach is to select a
point within a small region in one of the images and then attempt to find the best matching
region in the other image by using correlation techniques, such as gray pattern matching [33].
When the scene contains distinct features the approach of feature-matching will generally yield a
faster solution for establishing correspondence. It need to be noted that the calibration procedure
for distance B is an important one and can be difficult by lacking knowledge of the optical axis
position [9].

3.3.2 Triangulation by structured lighting
As indicated in section 3.1.2, light can be lit in a structured way on an object. Nowadays this is
often done by projecting a laser pattern, as in [28, 23]. A visual impression of structured lighting
is given in figure 3.30. By knowing the angle under which the light is shed and the distance
between the laser and the optical center of the photographic sensor the depth can be estimated
with equation 3.20. This method allows estimation of surface curvatures and does not need
much computational power. A disadvantage is that only the position of objects within in the laser
beam can be estimated, what limits the working range considerably. This restriction has also as
consequence that the place of the object of interested should be known roughly.
tan Θ(Dv + λ2 )
(3.20)
v + λ tan Θ
Equation 3.20 shows how the distance of an object Yo can be estimated once the distance D
between the photographic sensor and the laser is known, the orientation of the laser, angle Θ, is
known and the image distance, λ is known.
Yo =

3.3.3 Feature information
Many visual control systems know something about the scene. This can be the size of a feature
or object or a distance between different features. If the measured distance of this feature is
projected under a known angle with the photographic sensor, the distance of the feature can be
estimated by recording the size of the projection of the feature. In case of the features lying in a
plane perpendicular to the optical axis, the distance can be used to estimate the scale of all objects
in that plane in pixels per meter. This relation can be very useful for detecting round shapes as a
ping pong ball.
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Figure 3.30: structured lighting set up

Figure 3.31: schematic structured lighting
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Part II

A robotic ping pong case study
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Abstract
In this paper, the control design of a visually controlled ping pong robot is presented.
This system features an eye-in-hand configuration with position based control. A
monocular 3D pose estimation based on
image features is presented. By frequency
response identification, the system is analyzed and a controller is implemented. To
hit the ball tracking-based and predictionbased visual control configurations are
investigated. For the prediction based approach, both a discrete Kalman filter and a
polynomial fit are investigated and used for
impact prediction.
keywords: Visual control, dynamic analysis,
tracer, eye-in-hand, prediction, pose estimation

1

Introduction

In the past decades the interest in computer vision
has grown significantly and applications of cameras
combined with computer vision technology are becoming more important in today’s society. The increase of computational power and increasing accuracy of cameras has made vision interesting from
a control technology perspective. This interest has
lead to the emerge of the field of visual control. The
use of visual control is not common practice yet in
industry, but interest is growing quickly. Nowadays
visual control is often used for handling dynamic
objects or dealing with unstructured and unknown
environments.
Visual control embeds the vision sensor in the
control loop, which enables constant tracking of
the object. The possibilities this approach provides
∗ Eindhoven University of Technology, P.O. Box 513, 5600
MB Eindhoven, The Netherlands. www.dct.tue.nl
† Aris B.V. Heezerweg 77, 5614 HB Eindhoven, The
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are reason to investigate on a realistic visually controlled system. Therefore a proven ping pong system developed by Aris and RoBoGo is used. This
system has shown to play ping pong at different
fairs (easyFairs Mocon, march 2005, and Automatica, may 2006) and this study focusses on the improvement of the visual control layout of this existing system.
Visual control is not commonly applied in industry yet, because it either requires expensive high
end hardware (e.g. lot of computational power
and camera capacity) or it gives low performance
(e.g. low bandwidth), which introduces long lead
times. This study attempts to develop methods
that give high performance to visually controlled
robots based on low end hardware.
In this work, the visual control design of a robotic
ping pong player is investigated as a case study
for visual control in general. Robotic ping pong is
stated to ”require fast, accurate sensing and actuation, and the intelligence to play the game” [2]. The
principles established in developing such a robot can
be used in semi-structured environments, where dynamic behaviour of objects can be predicted. Examples of such dynamic tasks can vary form grasping of parts on a moving conveyor system, assembling articulated parts, to grasping from a mobile
robotic system.
The system features an eye-in-hand configuration, which has the principal advantage of direct
measurement of the error and therefore does not
need separate measurements for the object and
robot position [9]. This eliminates various calibration issues and is therefore very useful for robots
which change location regularly.
Corke [4], who did an in depth research on tracking behaviour of eye-in-hand system based on direct
image based visual control, stressed the need for dynamic modeling of the plant and controller investigation. This is still not common practice in visual
control [2, 9, 10, 13, 16] and this paper will show
possibilities for analysis and system improvement
by dynamic modeling.

The used eye-in-hand configuration constraints
the placement of the camera to the end-effector.
An uncoupled camera configuration would allow the
possibility to place the camera at an ideal location.
This is done in the ping pong robot of Andersson [2], who placed 4 uncoupled cameras around
a dedicated robot system to measure the ball positions. Self learning robotic ping pong players are
investigated by Matsushima et al. [15, 18]. They
use a dedicated robot system combined with an uncoupled dedicated stereo vision system. Both systems are build in an academic laboratorium and
have adapted hardware and a conditioned environment. This study has been executed with the idea
to develop generally applicable theories and therefore uses a non-dedicated system and tested the
robot at different locations.
Tracking based visual control systems often use
the eye-in-hand configuration because of its direct
error measurement [1, 4, 17] and sometimes use the
uncoupled camera configuration [8, 13]. Prediction
based visual control systems use uncoupled cameras
in almost all cases [2, 10, 15]. This leaves the investigation of model based visual control systems with
an eye-in-hand configuration open. This study will
investigate both tracking based and model based visual control based on an eye-in-hand configuration.
The developed pose estimation algorithm can estimate the planar pose of an object with a visible
surface of known size. This pose estimation is, regardless of the lens abberations, independent of the
used camera. The depth can easily be estimated
with a simple and quick camera calibration procedure. These features make the pose estimation
multi purpose. The limited calibration procedures
is an advantage compared to the calibration procedures needed for stereo vision or other triangulation methods. This quick and simple calibration
procedure reduces the setup time and therefore the
installation costs.
In conclusion the main contributions of this paper
can be summarized as follows: the use of dynamic
analysis and control in visual control systems, the
development of an easy and simple implementable
pose estimation and the use of prediction based eyein-hand visual control.
The paper has the following outline: The used
system and principal setup layout will be presented
in Section 2. Section 3 will discuss the subsequent
steps taken to convert the camera signal into ball
projection features. Section 4 discusses the monocular 3D pose estimation and the main measurement
errors which have to be taken into account. A dynamic analysis of the system and different subsystems is given in Section 5. The tracking based system performance will conclude Section 5 and forms
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the motivation for prediction based control what is
discussed in Section 6. That section investigates
Kalman measurement filtering with discrete prediction and polynomial measurement filtering with
continuous time prediction. Section 7 gives the conclusions of this study with recommendations for further research. More in-depth analyses and multiple
equation abbreviations are detailed in the appendices.

2

Experimental Setup

To give an impression of the used setup the physical
layout and control layout are given in this section.
The used test setup enables a human to play a ping
pong game with the robot given in Fig 1. This test
setup is based on an existing robot developed by
RoBoGo with an existing vision system developed
by Aris B.V.. The robots end-effector consists of a
ping pong paddle which has 3 translational degrees
of freedom (X, Y, Z) as indicated in Fig. 1. On this
end-effector a camera is mounted above the paddle, what gives an eye-in-hand configuration. This
camera is mechanically kept horizontal and has its
(u, v) image plane coordinates parallel to the (X, Z)
plane. At the robot side of the ping pong table 12
fluorescent tubes illuminate the playing field. The
side of the human player should be relatively dark.

Figure 1: The experimental test setup.
The control loop of this system is given in Fig. 2.
The main blocks in this scheme will be discussed
shortly here. The used camera generates image
fields at 50 Hz, which are transferred to the vision
system. This system digitalizes the video signal by
a framegrabber and processes the data by the Aris
v2.0 library, which is explained in section 3. The
output gives pixel set features of the projected ball,
which are converted by the pose estimator to the
relative (X, Y, Z) position of the ball with respect

Figure 2: Ping pong robot control loop.
to the CCD. The control error is this relative distance plus the distance between the center of the
camera and the center of the paddle. The controller
stabilizes this system. Finally the system generates
position setpoints for the robot system.
These position setpoints are transferred via Can
bus to the robot system. This system has a cycle
time of 14 ms, what introduces a zero-order-hold.
The pathplanner converts the position setpoint to
motor positions based on a non-linear kinematic
model of the robot construction. Because of the
higher sampling frequency of the motors, the pathplanner sends out intermediate setpoints to these
PID controlled actuators. These intermediate setpoints are also sent back to the vision system as
being current robot position. Because of the delay
in feedback the error introduced by sending a future
position is neglectable. The hit mechanism of the
robot is a pre-programmed move and is triggered
by a hit command from the vision system.

3

Video analyses

To identify the ball in the video sequence, a video
analysis is made. This video analysis is based on
the Aris v2.0 library and consists of four subsequent
processing steps as visualized in Fig. 3, which will
be discussed here.
1. The pixel classification step is based on supervised segmentation of RGB values [14]. This segmentation uses previous knowledge of the colors of
interest and classifies background and foreground
pixels.
2. The classified pixels are merged to pixel sets
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in the pixel set representation step. This is done on
basis of 8 point connected mask [11].
3. The feature extraction step calculates moments of the pixel sets by use of Eqn. 1 [4].
XX
up v q I(u, v)
(1)
mpq =
u

v

Where I(u, v) are the binary image values of the
pixel set, with the foreground class being one and
the background class zero. (u, v) is the pixel coordinate of a pixel in the pixel set. The zeroth moment,
m00 , represents the amount of pixels in one set and
the centroid of the pixel set, (uc , vc ), is calculated
by:
´
³m
10 m01
,
(2)
(uc , vc ) =
m00 m00
The last extracted feature is the bounding box, calculated by Eqn. 3 and 4.
wbb = |Umax − Umin |

(3)

hbb = |Vmax − Vmin |

(4)

Where wbb and hbb are the width and height of the
bounding box in pixels, respectively. U and V are
arrays representing the horizontal and the vertical
pixel coordinates of the pixels in the pixel set.
4. This feature extraction labels every pixel set
with three features. Based on these features and
sequences of images, the Aris tracer [7] identifies
so called traces. Those traces match the loosely
defined criteria for connections between pixel sets
in different images. These traces are memorized
and if the fit of a trace is good enough for being a
ball, a trace is focussed as is visualized by the black
line in Fig. 4.

Figure 3: Data processing steps.
a pose estimation is needed. This section will discuss the used algorithms in the pose estimation
block of figure 2. Herefore a Cartesian (X, Y, Z)
frame is defined with respect to the CCD (u, v) image plane via the rectilinear projection model as
given in Fig. 5. In this model the image plane lies
parallel to the (X, Z) plane and has its origin at
(0, −λ, 0), where λ is the image distance.

Figure 4: The tracer. (.)= pixel set, (− −)= trace,
(-)= focus [7].
The criteria for a single pixel set representing a ball
are:
• m00 > 15; smaller pixel sets are inaccurate in
shape.
• m00 > (0.75 max(wbb , hbb ))2 ; The bounding
box should have enough filling.
The used criteria for sequential pixel sets representing a ball are:
• lenght trace > 3; The trace should contain
enough images to make quadratic fit.

Figure 5: Rectilinear projection model.

• vi − 2vi−1 + vi−2 < −0.001; The vertical acceleration should be negative.

For objects placed parallel to the CCD Eqn. 5
holds.
L λp
• (T imecurrent − T imef irst image in trace ) <
(5)
Y =
L′
600 ms; A ball should not take more than 600
Here L is the length of the object in meters, L′
ms to reach the paddle.
the projection on the CCD in pixels, λp the image
• |ui − ui−1 | < 50; A ping pong ball cannot make
distance in pixels and Y the distance of the object
too fast movements in horizontal direction.
with respect to the (X, Z) plane in meters. Eqn. 5
• |vi − vi−1 | < 50; A ping pong ball cannot make can be used to calibrate λp by placing an object of
known length Lc parallel to the CCD at a known
too fast movements in vertical direction.
distance Yc . By measuring the projected length L′c
2
The fit of the traces is given by the χ of the least
the image distance λp can be calculated. To ensquare estimator of the quadratic fit over the vertisure the object is placed parallel to the CCD plane,
2
cal positions. When χ < 2.5 the focus will be set
the middle of the object should divide the projected
2
on the trace with the lowest χ . In most cases the
length L′c in two equal parts. To get a good estitracer focusses on a pixel set sequence by analyzing
mation of λp the projection, L′c , should be over the
4 sequential images. For the bounce moment diffull width of the CCD. The camera used in this test
ferent criteria are used. When a ball focus is found
setup gives λp ≈ 366 pixels. Because L′c is taken
the feature sets are released to the pose estimator.
over the full length also the horizontal angle of view
can be determined by Eqn. 6.

4

Monocular 3D Pose estimation

The video analysis gives pixel set features as output
and to estimate the position of the ball in (X, Y, Z)

α = 2 arctan

¡ Lc ¢
2 Yc

(6)

In which α is the horizontal angle of view, which is
in this case 40◦ .
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Using the two identical triangles at both sides of
Cartesian origin in Fig. 5 combined with Eqn. 5
gives Eqn. 7. A similar equation can be derived for
Z as function of v and L′ .
uL
X=− ′
(7)
L
If the projection of a ping pong ball on the CCD
plane is a circle parallel to (u, v), the (X, Y, Z) pose
of the object can be estimated by Eqn. 8, 9 and 10.
√
uc π r 2
(8)
Xbal = − √
m00
√
π r 2 λp
Ybal = √
(9)
m00
√
vc π r 2
(10)
Zbal = − √
m00
Here r is the radius of a ping pong ball, which is
20 mm. Eqn. 7 and 8 and their equivalents in Zdirection show that for an object with a visible line
or surface of known size, the X and Z pose can be
estimated at any place and distance as long as the
line or surface does not rotate along the X and Z
axis. This relation is very useful for planar systems,
like conveyors, and can be easily implemented for
any camera.
Because of the discrete character of the recorded
surface, m00 , the influence of one missing or additional pixel in the pixel set becomes smaller if m00
increases. This makes the estimation for Xbal , Ybal
and Zbal more accurate during time for approaching
balls.

As shown in appendix A the first effect will be significant for balls close to the camera. The second
effect will be significant for ball observed under a
large angle with the optical axis and can cause an
error up to 9% for the used camera.
The used camera shows a barrel distortion in
its projection which can be compensated by the
quadratic correction model given for u in Eqn. 11.
uu = ud (1 + κ (u2d + vd2 ))

Where κ is the first order radial symmetric distortion parameter, ud and vd the distorted coordinates
and uu the undistorted coordinates. κ can be found
by the method given by Devernay et al. [5, 12] and is
estimated to be 3.7e−4 . Because of computational
reasons this compensation is only applied on the
centroid estimation of the pixel sets in the tracer
focus.
By mounting the camera on the robot it is almost
inevitable to rotate the CCD with respect to the
(X, Y, Z) frame. This rotation can cause measurement errors and therefore needs to be estimated.
For calibration of the rotation around X and Z
a line through the lens center and parallel to the
robot Y -axis needs to be found. Where this line intersects the CCD can be estimated by moving the
end-effector forward. The pixel which is on this
line will not change focus. For the used setup this
is pixel (un , vn ) = (19, 34). By defining this pixel as
new CCD origin the optical axis is parallel to the Yaxis as assumed in Fig. 5. As proven in appendix B
this indicates a rotation of the CCD of 2.7◦ around
the Z axis and 4.9◦ around the X axis. This rotation can introduce an error in the estimated ball
position up to 3.6%.

5

Figure 6: Effects in observing a ping pong ball .
Eqn. 8, 9 and 10 assume the projected circle of
the ping pong ball to be parallel to the image plane.
Fig. 6 reveals two errors in this assumption:
• Not the whole ball is visible, what makes line
P1 P2 < 2 r, so u1 u2 is smaller than expected.
• The observed area represented by P1 P2 is rotated with respect to the image plane. This
causes the projection to be a stretched circle,
what gives a measurement error in both the
surface, m00 and centroid (uc , vc ).
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(11)

Dynamic analysis and tracking control design

The objective of the investigated visual control
loop is to have the ping pong robot at the at the
right time at impact position (Ximpact , 0, Zimpact ).
Therefore two control strategies are investigated:
tracking based control and predictor based control.
This section will analyze the dynamic performance
of the system and will discuss the design of the
tracking based controller. Section 6 wil discuss the
predictor based controller.
The tracking based controller has as objective to
keep the error in X and Z as small as possible. For
control design, the plant is identified by a frequency
response analysis in both directions. For compactness, the results for the X-direction are discussed
only. For a more detailed discussion and for the
Z-direction analyses is referred to appendix C.

5.1

Dynamic analysis

20
0
−20
−40
−60
−80
−100 −2
10

Magnitude [dB]

10

0

10

1

10

2

10

−1

10
Frequency [Hz]

0

10

1

10

2

0
−100

Figure 9: The camera and robot system Hcamera
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Now the observed system, Htot of Fig. 7 can be
explained. The low frequent -1 dB/decade slope is
because of the addition of the fed back robot positions, what serves as an integrator. The decreasing
phase is due to the significant delays and the peak
at 7.5 Hz is because of the vibration in the arm.
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To get more insight in the observed plant, two different subsystems are identified, the robot system,
Hrobot and the vision system Hcamera . Hrobot is the
system with the robot setpoint u as input and the
robot position r as output. The cross power spectra of these signals, Swu and Swr give an estimation
of Hrobot by Eqn. 12, what gives the Bode plot of
Fig. 8.
Swr
(12)
Hrobot =
Swu

Magnitude [dB]

Phase [deg]

Magnitude [dB]

The low frequent behaviour shows a second order
system with time delay. By fitting such a system the
For the frequency response analysis white noise, time delay can be estimated, what can give valuable
w is inserted to the controller output in Fig. 2, insights in the system and is needed for the predicwhile the system has to keep focus on a ball tor, discussed in Section 6. A pure time delay gives
placed at a fixed position. For this measurement a constant magnitude of 0 dB and a phase of:
a proportional controller of P = 0.25 is used. The
plant Htot is defined as the system between the
P hasetime delay = ∆t f 360
(13)
controller output with added noise and the camera
position signal, c. The plant can be estimated by Where f is the frequency in Hz and ∆t the time
the sensitivity method [6] and is given in Fig. 7.
delay in s. The delay in Hrobot is estimated to be
35 ms, because if the phase delay of a time delay
of 35 ms is subtracted from the phase of Fig. 8 a
second order system is observed. This time delay
is expected to be caused by the Can bus and the
0
second order holds.
−50
In the same manner Hcamera can be estimated,
which is the system observed between the robot set−100 −2
−1
0
1
2
point u and the camera position c. The frequency
10
10
10
10
10
response function of this system is plotted in Fig. 9.
200
The magnitude shows the same second order system
100
as Hrobot , except for the resonance peak at 7.5 Hz.
0
This peak is caused by vibrations and the bend−100
ing of the rod between between the actuators and
−200 −2
the camera. The phase plot shows a bigger delay
−1
0
1
2
10
10
10
10
10
Frequency [Hz]
in Hrobot and the corresponding time delay is estimated to be 170 ms.
Figure 7: The total system Htot .

100
0
−100
−200 −2
10

5.2

Control design

The system Htot can be PD controlled, because of
the -1 dB/decade slope, which eliminates steady
state errors. With P = 0.57 and D = 0.50 Hz the

Figure 8: The robot system Hrobot .
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[m]

[m]

implemented controller gives a bandwidth of 0.72
0.15
Hz. This controller has a large phase margin, be0.1
0.05
cause of the variable cycle times, introduced by cou0
pling two systems with a non-integer ratio of cycle
−0.05
times. Also the gain margin is kept high, because
0
0.1
0.2
0.3
0.4
0.5
0.6
0.7
time [s]
the gain with respect to (uc , vc ) is determined by the
0.2
recorded surface which can have outliers, because
0.1
of bad illumination of the ball or occlusions. Note
0
that if the system would have had a higher band−0.1
−0.2
width the controller could compensate the peak at
0
0.1
0.2
0.3
0.4
0.5
0.6
0.7
time [s]
7.5 dB, what would have proofed the capability of
visual control to compensate the dynamics between
Figure 11: Robot tracking ping pong ball. (:) =
end-effector and actuator.
ping pong ball, (-) = robot.

5.3

Tracking system performance

6

To estimate whether this system is fast enough to
follow the ball the closed loop performance is estimated, since this indicates the system performance
during a ping pong game. The closed loop response
can be calculated by Eqn. 14, what gives the system
plotted in Fig. 10. The closed loop systems low frequent behaviour can be approximated by a second
order system with ωn = 1.45 Hz, ξ = 0.55 and a
time delay of 135 ms.
Hcl =

H C
1+H C

(14)

A step response on the estimated system shows
405 ms are needed to reach within 90% of the systems target. The result of the simulated system following the vertical movement of the ball is given in
Fig. 11. Here the effect of the camera delay is seen
in a late reaction of the robot and the limited bandwidth is seen in the slow transient response. The result is a movement pattern that shifts in movement
direction and cannot follow the ball movement.
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Figure 10: The total closed loop system Hcl . (-) =
measurement, (− −) = system fit .
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Impact prediction

As shown in the simulation of Section 5, the robot
is incapable to follow the movements of a ping pong
ball. Moreover following the ball will make the
movements of the robot inefficient, since the position of the robot with respect to the ball is only
relevant during the hit. To enable the robot to move
directly to the impact position an impact predictor
is designed.
The use of an impact predictor changes the control scheme of Fig. 2 to the scheme presented in
Fig. 12. To estimate the movement of the ball, the
(X, Y, Z) positions of the ball during flight are estimated by adding the difference in camera and ball
position to the robot position. This difference in
time delay is identified as 135 ms in Section 5, but
is in practice variable since the sample frequency of
the vision system is not an integer multiple of the
sample frequency of the robot. Because it is not
possible to reconstruct the real time delay the delay
of 135 ms is rounded to a integer number of 7 time
intervals (140 ms). By estimating the track of the
ball based on the ball position measurements a prediction of the impact can be made. These predicted
impact positions, Ximpact and Zimpact , are sent to
the robot as position inputs. It needs to be noted
that by recording the position of an additional object in the scene, with a known fixed place, the need
for robot position feedback would be eliminated.
The used filters and predictors are based on a dynamic model of the ball behaviour. Therefore the
forces acting on the ping pong ball are considered,
which are gravity Fg , air drag Fw and the Magnus (spin) effect Fm [2]. Gravity gives a constant
acceleration of 9.81 m/s2 . Air drag theoretically
depends quadratically on the speed, but because of
the very small drag coefficient and the short flight
time of a ping pong ball this effect is assumed to
be small, what is confirmed by measurements [3].
The Magnus effect depends quadratically on the

Figure 12: Ping pong predictor scene.
ball speed and linearly on the spin. As long as
no top spins are applied to the ball this effect is
also neglectable, because of the short flight time
and low Magnus coefficient, what is also confirmed
by the measurements. These assumptions linearize
the movement in X and Y direction. The movement in Z direction is assumed to have a constant
gravity acceleration. These linearizations make the
algorithm unable to predict spin, what can have a
big impact on the bounce.
For estimation of the bounce position, the height
of the table Ztable needs to be known. Although
the table will almost never be exactly parallel, it is
assumed to be constant over X and Y . This because the robot is frequently moved and for keeping the calibration procedure short. Ztable is calibrated by estimating different bouncing heights
in tracks recorded by a camera placed at the origin of the robot. This gives for the used setup
Ztable = −0.15m.

6.1

a prediction of the impact position and time can be
made.
6.1.1

Kalman filter

The used Kalman filter is based on the linear equations of motion as stated by Eqn. 15 and 16.
·
¸ ·
¸ ·
¸ ·
¸
x
0 1
x
0
=
+
u
(15)
ẋ
0 0
ẋ
9.81
·
¸
£
¤ £
¤
x
y = 1 0
(16)
ẋ
·
¸
x
In which
is the state vector, x, with x being
ẋ
the ball position and ẋ the ball velocity. Since in
the equations in X and Z direction no acceleration
is present, the external input, u is zero for these
directions. For Z, u is one to introduce gravitation.
Since the performance of the Kalman filter depends on the initial state, the following initial state
will be used:
·
·
¸
¸
Kalman filter and discrete prex
x2
=
(17)
dictor
ẋ 0
(x2 − x1 ) Fs

To filter measurement noise and estimate system
states a Kalman filter is applied to the position
measurements of the ball. This filter gives an optimal position and state estimation of the ball in case
of normally distributed measurements and model
noise. The recursive character of a Kalman filter
can be advantageous for this system, because the
position measurements become more accurate when
the ball comes closer to the robot. Based on the estimated states of the ball and the linear ball model
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In which x1 and x2 are the first and second position
measurement, respectively, and Fs the sampling frequency. The bounce is detected by estimating the
acceleration of the ball based on its unfiltered measurement values in Z, via Eqn. 18.
Z̈ = (Zi − 2 Zi−1 + Zi−2 ) Fs

(18)

The tuning of the Kalman filter depends on
the estimated measurement and model accuracies,

which are indicated by the estimated variance of a
normally distributed noise in the error. This means
none of the systematic errors of Section 4 are taken
into account. Based on measurement investigation,
95% of the position measurements is estimated to be
within 100 mm fluctuation of the mean of the measurement, so the standard deviation σ is estimated
to be 0.05 m, what gives a variance of 2.5e−3 for
the X, Y and Z direction. The model noise is expected to be 100 mm (2 σ based) for x, what gives
a variance of 2.5e−3 , and 1 m/s (2 σ based) for ẋ,
what gives a variance of 0.25.
These variance estimations directly influence the
performance of the Kalman filter and therefore a
tuning of the estimations is executed. If the model
variances are increased or the measurement variance decreased, the filter relies more on the model,
what will filter out measurement errors, but will
make the filter very dependent on the initial state
estimation. If the measurement variance is increased or model variances decreased, the Kalman
filter will rely more on recent measurements, what
will make the predictor very sensitive to the last
measurements. This can cause significant changes
in the last state vector estimation which can change
the impact prediction significantly. An example
of this would be an occlusion in the last measurement of the track. Taking above considerations into
account, the earlier discussed variances are maintained.
6.1.2

Discrete predictor

The prediction of the ball movement is based on the
last estimated state vector xf inal . By using the final
state estimation in Y as input for Eqn. 15 and 16
in Y direction, the movement of the ball can be further iterated during time. To predict Ximpact and
Zimpact , Y is iterated till Y < 0. For the X direction the prediction is than straightforward, but the
Z prediction needs to predict bounces. Therefore
at every iteration the algorithms checks whether xz
is still above table height. If this is not the case
x˙z changes sign and xz is set to ztable . The latter
correction is made to prevent balls with low vertical
speed to ’stay under the table’ and therefore change
sign of ż at every iteration.

thermore the discrete predictor cannot estimate the
bounce moment between two time steps. To overcome these disadvantages, a polynomial fit is investigated, what enables a continuous time predictor.
6.2.1

Polynomial fitter

The polynomial fit is based on two linear time models for X and Y , as in Eqn. 19, and a quadratic time
model for Z, as in Eqn. 20.
Y =a t+b

(19)

Z = a t2 + b t + c

(20)

Where t is the time, starting at the first image of the
trace and a, b and c are model parameters. These
model parameters are estimated by a polynomial
least square fit through the acquired measurements.
X and Y need a first order polynomial and Z a
second order polynomial. The bounce is detected
by Eqn. 18 and will initiate a new polynomial fit in
Z based on measurements after the bounce, because
the bounce often introduces a significant change in
ball track.
The polynomial weights every measurement
equal what enables the algorithm to adapt quickly
to changes in the beginning of a track measurement.
The equal weighting also makes the algorithm sensitive to extreme measurement errors, which can
occur during occlusions.
6.2.2

Continuous predictor

The polynomial fits result in coefficients which
are the basis for a continuous time prediction.
Therefore the time models of Eqn. 19 and 20 are
used. The impact time can be estimated by solving
Eqn. 19 for Y = 0, what enables the first estimation to be done when the second measurement is
acquired. With this timpact , Ximpact can be estimated by calculating the X position for timpact in
the linear X model. For estimating Zimpact at least
three measurements have to be acquired and the
bounce has to be taken into account.
If the estimated Zimpact is smaller than the table
height a bounce is predicted. The predicted bounce
6.2 Polynomial fitter and continuous moment, tbounce can be found analytically by solving Eqn. 20 for Z = Ztable . Assuming a fully elastic
predictor
rebounce gives Żpre bounce = Żaf ter bounce . This afThe Kalman filter needs an initial estimation which ter bounce speed, combined with Zbounce = Ztable
is not always accurate and can have a significant and tbounce gives enough information for a new animpact on the estimated states of the first measure- alytical ball model of which again Zimpact can be
ments. In case of short tracks this can also have determined. This procedure can be repeated till
a significant effect on the impact estimation. Fur- Zimpact ≥ Ztable.
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The predicted impact positions serve as position
setpoints for the robot. Whether the robot will be
able to reach these position setpoints is determined
by the dynamic behaviour of the system that receives the setpoints. The robot dynamic behaviour,
Hrobot is given in Section 5 and can still be improved
by using the robot position feedback and hence implementing a closed loop system with a PID controller, as is shown in Fig. 12. Proper tuning of this
controller can improve the bandwidth and tune the
transient response of the robot. The latter is useful to give the robot a limited overshoot. The overshoot is determined by the size of the paddle, which
is 20x20 cm. This allows a maximum overshoot of
10 cm, what would be 10% in case of a setpoint of
1 m. This sets the target for the PID controller
to provide a closed loop second order system with
ξ = 0.6, what is the damping ratio of a second order
system with an overshoot of 10% [6].
A PID controller with P = 1, I = 0.45 Hz and
D = 0.75 Hz gives a closed loop response as given
in Fig. 13. For both X and Z the closed loop performance is approximated in the low frequent region
by a second order system, which is plotted by the
dashed line in Fig. 13 and has ωn = 3.3 Hz, ξ = 0.6
and a delay of 20 ms. An extensive discussion about
the PID implementation and model estimation can
be found in appendix C.
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pong ball tracks are recorded by camera. These
positions are used as input for a simulation of the
system given in Fig 12. The goal of this system is
to be within 10 cm distance of the predicted impact
position before the ball crosses the (X, Z) plane.
The ping pong ball track of Fig. 11 which could
not be followed by the direct tracking system, gives
the estimated impact positions indicated with the
dots in Fig 14. The solid line shows the response
of the system to these impact position setpoints.
The system reaches the estimated impact positions
within 10 cm what means the paddle hits the ball.
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Figure 14: Transient response of the Kalman predictor system to predicted impact positions. (.) =
predicted impact position, (-) = response of Kalman
predictor system.
An analysis of many tracks shows that the system
will achieve this goal in 90% of the recorded cases.
This shows that by prediction a low end system can
still play a dynamic game as ping pong.
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Conclusions and recommendations

This paper demonstrates how a visually controlled
robot of low end non-dedicated equipment can fea50
ture high performance. The used techniques put
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to have long rise times and vision to have latencies, what reduces hardware demands. By prediction based visual control the robot can make opti6.4 Predictor system performance
mal use of the available time to move to the final
The second order system model of the closed loop setpoint.
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rotate around the image axes. With this pose estimation, a non-aberrated projection allows the estimation of object positions parallel to the image
plane, without calibration issues or depth estimation. The depth estimation can be made after a
simple calibration procedure. Shown is that this
method can also be used for spherical or cylindrical
objects once a correction is applied.
The at Aris used video analysis shows efficient
pixel set elimination by using cross image relations and multiple loosen elimination criteria. This
makes the elimination procedure robust and less dependent on the specific elimination criteria.
The used methods enable the robot to play a
ping pong game, but the predictor approach requires identification of parameters. This are the table height and the difference in time delay of camera
feedback and robot feedback. The prediction accuracy depends on the measurement accuracy, ball
model assumptions and filter parameters. This is
in contradiction to the tracking based system, in
which performance only depends on the measurement accuracy and plant dynamics.
Because of difference in cycle times of the robot
and vision system, variable cycle times are introduced. This influences the input used in the control system and forces the controller to introduce
large control margins. It also introduces inaccurate
measurements of the ball position in the predictor
configuration. To reduce this variable cycle time an
integer multiple of system cycle times is suggested.
To eliminate the need for position feedback from the
robot, an additional vision measurement of an object at a known place in the scene is recommended.
Because outliers in measurements can significantly bias the predicted impact, a filter for elimination of outliers should be investigated. For increasing prediction capabilities, the investigation of
an extended Kalman filter, which can estimate drag
and Magnus forces, is recommended.
To enable tracking based visual control, the system needs to decrease latencies, increase vision sample rates and improve the robot system bandwidth.
This will also increase the performance of the model
based visual controller.
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A

Ball projection model

The projection of the ball on the CCD is biased by the following two geometrical aspects:
• Not the whole ball is visible what makes the projection of the ball smaller than expected.
• The observed area is rotated with respect to the image plane. This causes the projection to be a
stretched circle, what gives a measurement error in both the surface of the projection as the centroid
of this surface.
In this appendix the error is calculated by assuming an undistorted projection of the ball. This error
estimation gives insight in the measurement accuracy of the vision system.

Figure 15: Ball projection model.
In Fig. 15 the projection of the ping pong ball, with radius r is given. The objective is to write the
position estimation of the bal in this plane as function of the real position of the distance of the center
of the ball My and the projection angle α. Here the projection of the ball in (X, Y ) plane and the
investigation of this 2D situation can give a good indication of the size of the introduced errors that will
also apply to the 3D situation. The angle of view determines the maximum position in which the ball
can be seen, which is 40◦ if point P 1 touches the space spanned by the horizontal angle of view, α. In
Fig. 15 point P1 touches the line OP1 spanned by angle α. The position of this point is related to the
center of the ball by:
(P 1x , P 1y ) = (Mx + D1, My − E1)
(21)
Because M P 1 is perpendicular to OP 1, D1 and E1 can be written as:
¢
¡π
−α
D1 = r sin
2
¡π
¢
E1 = r cos
−α
2
The view angle α is related to position P by:
tan(α) =

P 1x
P 1y

(22)
(23)

(24)

Combining Eqn. 21 with 24 gives that Mx = f (My , α):
Mx = tan α (My − E1) − D1

(25)

This makes that P 1x can also be written as function of My and α.
P 1x = tan α (My − E1)

(26)

Because triangle OP 1P 2 is an isosceles triangle, OP 1 and OP 2 are equal in length and because P 1M =
P 2M = r, angle ∠P 1OP 2 is divided by OM in two equal parts of angle γ. The angle made by OP 2 with
the optical axis, defined as Θ, can be calculated by:
Θ=φ−γ
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(27)

Where:
tan(φ) =

Mx
My

(28)

Furthermore can be stated that:
γ =α−φ

(29)

Which gives by combining Eqn. 27 with Eqn. 29:
Θ=2 φ−α

(30)

By combining Eqn. 22, 23, 25, 28 and 30, Θ can be written as function of My and α. Knowing
angle Θ makes it
qpossible to calculate the position P 2x and P 2y as function of α and My , because line
OP 2 = OP 1 = P 12x + P 12y :
q
P 2x = P 12x + P 12y sin(Θ)
(31)
q
P 2y = P 12x + P 12y cos(Θ)
(32)
Points P1 and P2 are projected on the CCD at position u1 and u2 , respectively. This makes the
projected length:
L′ = u1 − u2
(33)
with:
u1 =

λ P 1x
P 1y

(34)

u2 =

λ P 2x
P 2y

(35)

and:

The expected length of the projected line is 2 r and recalling Eqn. 5 the estimated distance becomes:
2r
¢
P 2x
P 1y − P 2y

Yest = ¡ P 1x

(36)

The middle of the line will be estimated at:
um =

u1 + u2
2

By recalling Eqn. 7, the estimated X-position of the center of the ball will than become:
¢
¡ P1
P 2x
x
2 P 1y + 2 P 2y 2 r
¢
¡P1
Xest = −
P 2x
x
P 1y − P 2y

(37)

(38)

With this abbreviation every equation in this appendix can be written as function of α and My , thus
the error in the position estimation of the ball can be calculated. An estimation of the error over all
distances and angles is performed in MATLAB. The largest angle that α can have is in the corner of the
field of view, were both the horizontal and the vertical angle of view are maximum. This gives an angle
of 25.4◦ , so α will be varied from 0◦ till 25.4◦ . My will be varied from the minimum distance in which
the ball will fit in the cone of view till the end of the ping pong table. This gives the results plotted in
Fig. 16 till 19. Here Fig. 16 and 17 show the absolute error in the position estimation of Mx and My ,
respectively. Fig. 18 and 19 show the relative error in the position estimation of Mx and My , respectively.
These figures show that the error for balls under a large angle far away from the camera have the
biggest error in position estimation, which can be up to 9%. In figures 16 and 17 the two effects can be
seen best. Close to the camera, the ball is not completely visible what decreases the error in Fig. 17,
but this effect is neglectable for large Y . In the corners the effect of the stretched projection is seen and
becomes worse when the α becomes larger. At 25.4◦ this error can be about 9%.
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Figure 16: Absolute error in X estimation.
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Figure 17: Absolute error in Y estimation.

75

10
8
error [%]

6
4
2
0
−2
−4
25
20

3000
2500

15

2000

10

1500
1000

5
0

alpha [degree]

500
0
Ym [mm]

Figure 18: Relative error in X estimation.
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76

2000

2500

3000

B

CCD rotation

In a practical situation it is almost impossible to mount the image plane parallel to the (X, Z) plane.
The used pose estimation of Section 4 is based on the assumption the image plane is parallel to (X, Z) or,
in other words, the optical axis of the CCD is parallel to the Y axis of the robot. To find a line through
the CCD that is parallel to the Y axis and passes through the lens center, the robot is moved forward.
The pixel (un , vn ) = (19, 34) than keeps the same object in focus and thus lies on the axis parallel to
the Y axis. Therefore (un , vn ) is taken as new origin of the image plane. This introduces an optical
axis which is not perpendicular to the CCD and the rotation of the CCD with respect to this axis will
be investigated in this appendix. Knowledge of this rotations gives insight in the position measurement
errors of the ball due to rotation of the CCD.

Figure 20: Schematic representation of a 1 dimensional origin displacement.
In Fig. 20, the situation for replacement of the origin in the (u, v) plane is sketched for the u-direction.
The new place of the origin gives an estimation for the rotation of the CCD with respect to the robotic
(X, Z) plane. The rotation around the Z axis can be calculated by the u-position of the new origin and
is indicated by angle β in Fig. 20. From the calibration executed in Section 4, the image distance is
estimated as λp ≈ 397 pixels, with which β can be calculated by:
tan(β) =

un
λp

(39)

The new optical axis goes through pixel (19, 34), what gives a rotation around the X axis of approximately
4.9◦ . Similar the rotation of the CCD around the Z axis can be calculated, which is 2.7◦ .
The algorithm used for making the pose estimation assumes the CCD to be perpendicular to the new
optical axis. This assumption introduces an error with respect to the pose estimation. This error can be
estimated by considering Fig. 21. Here the thick line represents a light beam that enters with an angle
ϕ with respect to the new defined optical axis. The ray hits the CCD at um , what will be the recorded
u position for the pose estimation algorithm. If the CCD would have been perpendicular to the new
defined optical axis, the incoming ray would have hit the CCD at ur .
The distance um can be written as a function of ur and ϕ. Therefore um is divided into an infinite
number of pieces u1 till un , as visualized in Fig. 21. The length of the first piece, u1 can be written as:
u1 =

ur
cos(β)

(40)

The second piece can be written as a function of the first piece:
u2 = tan(ϕ) sin(β) cos(β) u1

(41)

In a similar manner the nth piece can be written as a function of piece (n − 1):
un = tan(ϕ) sin(β) cos(β) un−1

f or n = 2, 3, 4, ..., n

(42)

By adding this infinite amount of pieces um can be calculated by:
um = u1 + u2 + u3 + u4 + ... + un
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(43)

Figure 21: Error caused by rotation of CCD.
After adding u3 the first three digits of um stay the same and therefore um will be approximated by:
um = u1 + u2 + u3

(44)

The relative error in um with respect to ur can now be calculated by:
Ru =

um
ur

(45)

4

2

3

1.5
error [%]

error [%]

In which Ru is the relative error, which is a function of angle β and angle ϕ. For the rotation of 4.9◦
around the X axis this gives the error as function of ϕ as given in Fig. 22 and for the rotation of 2.7◦ the
error is given in Fig. 23. For the positive u and v values the error will give a larger observed positions
(um > ur ), while for negative values the rotation will give smaller values (um < ur ).
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C

Dynamic analysis and Controller design

This appendix discusses the executed frequency response analyses, as mentioned in Section 5, for both X
and Z direction in more detail. Knowledge of the frequency response function of a system is important
for control design. The frequency response function can also give insight in dynamic phenomena in the
system and system delays. Knowledge of the system delays is essential for the correct implementation of
the predictor discussed in Section 6.

C.1

Dynamic analysis

For the frequency response measurement the control system as given in Fig. 24 is used. During identification a bal is placed at a fixed position in space, while the control objective is to keep this ball in
the middle of the CCD, by moving in the X and Z direction. This focus is defined to be the middle of
the camera, when it is aligned to the robotic Y-axis by the method discussed in Section 4. The control
signal is biased by adding white noise to the signal, what introduces a known error in the control signal.
A proportional gain of P = 0.25 is used as controller. To analyze different subsystems the signals given
below are recorded, which are also indicated in Fig. 24.
• c, the camera output. This is the distance between the ball position and the middle of the CCD.
• w, the inserted white noise.
• u, the position setpoint send to the robot system.
• r, the robot position feedback from the robot control system.
• z, the controller output with added noise.

Figure 24: Ping pong visual control loop with added noise.
Of these signals, the spectral density function can be determined via Fourier transforms. The auto
spectral density Sxx (f ) is defined as:
Sxx (f ) =

1 ∗
X (f ) X(f )
T

(46)

Where T is the sampling time, X(f ) the Fourier transform of signal x and X ∗ (f ) the complex conjugated
of X(f ). In a similar way a cross power spectrum of two different signals x and y can be found by:
Sxy (f ) =

1 ∗
X (f ) Y (f )
T
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(47)

For convenience the (f ) notation will be left out in the further discussion. To get an indication about
2
the linearity between the two systems a coherence function γxy
(f ) can be estimated by:
|Sxy (f )|2
Sxx (f ) Syy (f )

γx2 y(f ) =

(48)

The white noise is inserted to the system via the vision computer and is therefore programmed in
Pascal by the following algorithm:
p
(49)
w = 100 −2 ln(rand1) cos(2π rand2)

Here rand1 and rand2 are two random numbers generated by two different random number generators.
The auto spectral density of this white noise Sww is shown in Fig. 25 and shows an approximately equal
signal power at each frequency. This indicates the presence of all frequencies and with this white noise
a measurement of approximately 1 hour is executed. The sampling frequency of the measurement is the
camera sampling frequency, which is 50 Hz, what gives a Nyquist frequency of 25 Hz. This gives a list
of 191150 data points for every measurement point in Fig. 24. The window size is 1024 samples and the
applied window is a Hanning window. To average the data, an overlap of 90% is used. The window size
50
determines the frequency resolution and the lowest observable frequency to 1024
= 4.9e−2 Hz. The ping
pong robot will wait for the approaching ball and therefore only uses camera setpoints for the X and Z
movements, which will be the investigated directions.
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Figure 25: Auto power spectrum of the white noise generator.
If the system is considered to have as input signal z, and as output signal, c, the sensitivity of the
plant, S, can be estimated for both X and Z direction by Eqn. 50.
S=

Swz
Sww

(50)

With this sensitivity measurement the plant, Htot , can be estimated by sensitivity method which uses
Eqn. 51, where C = 0.25. The resulting frequency response of the plant is given in Fig. 26.
Htot =

1−S
C S

(51)

2
The coherence γwu
(f ) of these system responses is given in Fig. 27.
The system Htot shows in both directions a slope of -1 dB/decade in magnitude, a resonance peak at
about 7.5 Hz, especially in X, and a constant diminishing phase. To get a good explanation for these
observations the system is divided in two subsystems, the robot system and the vision system. The robot
system, Hrobot , is defined to be the system between the position setpoint signal u and the robot position
feedback r. The camera system, Hcamera , is defined to be the system between the position setpoint signal
u and the camera position, c.
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Figure 26: The total plant Htot .
Z
1

0.8

0.8

Coherence [−]

Coherence [−]

X
1

0.6
0.4
0.2
0 −2
10

0.6
0.4
0.2

−1

10

0

1

10
10
frequency [Hz]

0 −2
10

2

10

−1

10

10
10
frequency [Hz]

2

Figure 27: Sensitivity of the ping pong system.
The frequency response of the robot system is estimated using Eqn. 52, which gives in the system
shown in Fig. 28.
Swr
(52)
Hrobot =
Swu
By estimating the slope, n, of the magnitude in dB/decade the system behaviour can be characterized.
The magnitude plot of this system clearly shows a second order system with low frequent a slope n =
0 dB/decade followed by n = −2 dB/decade. According to Eqn. 53, the phase of a second order system
should be 0◦ for n = 0 dB/decade and -180◦ for n = −2 dB/decade.
∠H ∼
= n90◦

(53)

The delay in the Can bus and the zero order holds in the system introduce a delay, which will be estimated.
A pure time delay has a constant magnitude of 0 dB, while the phase is given by Eqn. 54.
P hase delay = ∆t f 360

(54)

Where f is the frequency in Hz and ∆t the time delay in s. This explains the constant decay in phase
observed in Fig. 28. If the delay in the system is subtracted from the system a the second order system
phase should be observed, which corresponds via Eqn. 53 with the magnitude plot.
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Figure 28: The robot system Hrobot .
By subtracting a time delay of ∆t = 35 ms the phase of Fig. 29 is found which approximately corresponds with the slopes observed in the magnitude figure. This approximation can be validated by
observing that the phase of Fig. 29 is −90◦ at 1.5 Hz, which is the frequency where the 0 dB/decade
slope and the -2 dB/decade slope intersect.
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Figure 29: The phase of Hrobot subtracted by a delay of 135 ms.
A similar approach can be taken for the camera system, which is estimated by:
Hcamera =

Swc
Swu

(55)

This gives the Bode plots given in Fig. 30. Till 4 Hz can be stated |Hcamera | = |Hrobot | but at higher
frequencies a decay in magnitude followed by a resonance peak at 7.5 Hz is observed. This peak can be
explained by by vibrations of the rod between between the actuators and the camera, which mode has a
nod at the actuator. The mode shape of this vibration can be compared with a movement of a pendulum,
what explains the difference in peak magnitude between the X and Z direction. This difference between
Hcamera and Hrobot shows the ability of eye-in-hand systems to observe dynamics between the actuators
and the end-effector. The phase of Hcamera shows a bigger delay than observed in the robot system
Hrobot . In a similar way to the delay estimation for Hrobot the delay in Hcamera can be estimated, which
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gives ∆t = 170 ms and a delay subtracted phase plot as in Fig. 31. The -180◦ phase is difficult to
observe in this plot, because of the resonance and anti-resonance peak, but again can be observed that
the corrected phase is -90◦ at 1.5 Hz.
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Figure 30: The camera system Hcamera .
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Figure 31: The phase of Hcamera subtracted by a delay of 170 ms.
With the analyses of these systems the frequency response of the total system, Htotal , given in Fig. 26,
can be explained. The low frequent -1 dB/decade slope is because of the addition of the robot positions,
which serves as an integrator. The resonance peak at 7.5 Hz is because of vibrations in the end effector.
The decay of the phase is explained by significant delays in the vision system.

C.2

Htot Controller design

For the plant Htot a controller can be designed, so a stable tracking based closed loop system is created.
The controller of this system is a PD controller, because of the -1 dB/decade slope, which will compensate
steady state errors. This results in two different PD controllers, one for X and one for Z. For X, a Paction of 0.57 and a D-action of 0.50 Hz give the system a bandwidth of 0.72 Hz with a modulus margin
of 6.0, a phase margin of 59.2◦ and a gain margin of 6.4 dB. For Z, a P-action of 0.43 and a D-action of
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0.45 Hz give the system a bandwidth of 0.62 Hz with a modulus margin of 6.0, a phase margin of 65.8◦
and a gain margin of 6.1 dB.
The open loop systems of the controlled systems in X and Z are given by the Bode plots of Fig. 32.
Their sensitivity plots are given in Fig. 33.
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Figure 32: Open loop response Htot C.
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Figure 33: sensitivity of Htot C.
The closed loop responses are calculated by Eqn. 56 and are plotted with the solid line in Fig. 34 for
X and Z respectively.
H C
(56)
Hcl =
1+H C
For low frequencies, the closed loop systems show a second order behaviour with a time delay. By fitting
a second order system the transient response of the system can be estimated, what is necessary for
simulating the response of the system to ball positions. The Laplace function of a second order system
is:
ωn2
H(s) = 2
(57)
s + 2 ξ ωn s + ωn2
In which ωn is the undamped natural frequency and ξ the damping ratio. To get insight in the second
order system the delay is estimated first, which gives ∆tcl = 135 ms. The undamped natural frequency
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ωn of Hcl is estimated to be 1.45 Hz in X direction and 1.25 Hz in Z direction. For the damping ratio
is noted that the system is undercritically damped and a small oscillation is seen, so ξ < √1 . For
(2)

both systems the damping ratio is estimated as ξ = 0.55. The estimated closed loop system in Laplace
notation for the estimated systems HCLx and HCLz are given in Eqn. 58 and 59, respectively, and the
fitted system is plotted in Fig. 34 by the dashed line.
2.103
s2 + 1.595 s + 2.103

(58)

1.563
s2 + 1.375 s + 1.563

(59)

HCLx (s) = e−0.85

s

HCLz (s) = e−0.135

s
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Figure 34: Closed loop response of Htot . (-) = measurement, (− −)= second order system fit.
Based on the estimation of HCLx and HCLz the step responses of the systems can be estimated, which
are plotted inFig. 35 for X and Z. These graphs show that X needs 405 ms seconds to reach within 90%
of its target and Z 444 ms.
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Figure 35: Step response on Htot . (-)= Htot , (:)= setpoints.
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1.5

C.3

Hrobot Controller design

To improve the bandwidth and control of the transient response of the robot system as used in Section 6,
a controller is designed. The control lay out of this system is shown in Fig. 12 and the response of the
robot system is given in Fig. 28 for both directions.
The implemented controller for this closed loop design is a PID controller. The controller is tuned to
optimal bandwidth and an overshoot of 10% in closed loop response. This overshoot is determined by the
size of the paddle, which is 20x20 cm. This allows a maximum overshoot of 10 cm, what would be 10%
in case of a setpoint of 1 m. This sets the target for the controller to provide a closed loop second order
system with ξ = 0.6, what is the damping ratio of a second order system with an overshoot of 10% [6].
A PID controller with P = 1, I = 0.45 Hz and D = 0.75 Hz gives a open loop response as given in
Fig. 36. The sensitivity of the controlled system is given in Fig. 37. The bandwidth of the system in X
direction is 2.34 Hz with a modulus margin of 5.1, a phase margin of 55.8◦ and a gain margin of 11.2 dB.
For Z the same controller is implemented what gives a bandwidth of 2.26 Hz with a modulus margin of
5.6, a phase margin of 66.4◦ and a gain margin of 8.5 dB.
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Figure 36: Open loop response of Hrobot .
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Figure 37: Sensitivity of open loop response of Hrobot .
For low frequencies, the closed loop robot systems show a second order behaviour with a time delay.
By fitting a second order system the transient response of the system can be estimated, which should
give a ξ ≤ 0.6. For both X and Z the closed loop performance is approximated in the low frequent region
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by a second order system, which is plotted by the dashed line in Fig. 38 and has ωn = 3.3 Hz, ξ = 0.6
and a delay of 20 ms.
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Figure 38: Closed loop response of Hrobot . (-) = measurement, (− −)= second order system fit.
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Conclusions and recommendations
Conclusions
By the investigation of visual control from both a theoretical and a practical perspective, a thorough understanding about important issues within visual control is created. Both the theoretical
and practical study show that an analysis of the different parts in the system is important for designing a visual control system. This analysis requires a multidisciplinary approach and therefore
research of various discipline is important to ensure a high end visual control system.
To give control engineers a quick start up in this multi-disciplinary field, a manual on visual
control is written from a control engineering perspective. This manual discusses aspects of visual
control, which are important or unknown to a control engineer.
The literature on visual control is also characterized by this multi-disciplinary nature. This
gives an introduction of many inconsistent terms for visual control configurations. This research
introduces a comprehensive categorization of visual control and gives a consistent terminology.
The robotic ping pong case study shows the design of a representative visual control loop and
gives insight in the possibilities and limitations of visual control. Much insight is acquired by a
frequency response analysis, which has proven to be a good analysis method for gaining insight
in the dynamic behaviour and delays of the different subsystems.
The featured monocular 3D pose estimator shows a simple, but useful way of extracting 3D
information of objects in images. For using this algorithm objects require to have a visible surface
of known size and should not rotate around the image axes. With a non-aberrated projection, this
pose estimation allows the estimation of object positions parallel to the image plane, without
camera calibration or depth estimation. The depth estimation can be made based on a simple
calibration procedure. It is shown that this method can also be used for spherical or cylindrical
objects once a correction is applied.
The implementation of prediction based visual control shows a significant improvement in
the ability of the robot to play ping pong. Knowledge of the environment will generally improve
the performance of the robot and therefore should be exploited. This environment modeling
often requires knowledge of fields other than control technology, what shows again the need for
a multi-disciplinary approach to visual control.

Recommendations
For research on visual control an investigation of different research areas is recommended. The
written manual enables a quick start up in visual control and is therefore recommended for control engineers that are new to visual control. For consistency in terminology, the use of the given
categorization and terminology is recommended.
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Because the vision sensor provides many possibilities to detect objects, it is recommended to
determine beforehand which object features can be detected and to focus on fast video analysis
algorithms. This because the latencies in video processing tends to be large.
From a dynamic perspective, it is interesting to investigate the use of vision sensors in position feedback of an end-effector. By using high bandwidth vision systems this feedback can
compensate for system dynamics and therefore can reduce system hardware requirements.
For the improvement of the ping pong robot, an investigation of the delay of the vision sensor
is recommended. Another option is to replace the current sensor and to investigate on a new
vision sensor. A sensor with less delay and higher sample rate will improve both tracking based
and model based visual control performance. By improving the vision system it is recommended
to also improve on the bandwidth of the current robot or to replace the current robot.
To improve on the ball position measurement in the predictor based controller a reduction
of the variable cycle times in robot feedback is recommended. Therefore the robot sample frequency should be a multiple of the sample frequency of the vision system. Another recommended
method to improve the ball position measurement is to measure the position of an additional object in the scene which has a known fixed location.
Because outliers in measurements can significantly bias the predicted impact, a filter for
elimination of outliers should be investigated. For increasing prediction capabilities the use of an
extended Kalman filter can be investigated.
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