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University of Washington
Abstract

Basis Functions for Use in Direct Calibration Techniques to
Determine Part-in-Hand Location

by Ulix Goettsch

Chairperson of the Supervisory Committee: Prof. Joseph L. Garbini
Department of Mechanical Engineering

A common difficulty in implementing flexible automation is the complexity and
lack of robustness of the intercalibration of all the components of the workcell
and the part itself.

A novel approach to the calibration problem, called Direct Calibration, calibrates
the entire assembly system - the robot, the sensors, and the parts to be assembled
- in a single procedure. The relationship between feature information in sensor
coordinates and the part location in robot coordinates is determined in three
steps: calibration data are generated by using the robot to move the part to be
assembled under the view of the sensors by known amounts; the best-fit
mapping representing this assembly process is calculated; and this mapping is
used in production to estimate the part locations from the current sensor data.

While this approach has been demonstrated to work very well in its current
application, this research establishes which basis functions should be used in the
Direct Calibration mapping for optimal process performance. Furthermore, this
work generates a better understanding of the significance of the basis functions
for the process performance.

“Perfect” basis functions are developed for the most common classes of parts.
These perfect basis functions are broken down into their elementary terms and



compared to the basis function set that was found to be suited best for a general

application of Direct Calibration.

The limits to performance improvement of the Direct Calibration technique due
to changes in basis functions for certain classes of parts are established in

simulation.

A set of basis functions for the general application of Direct Calibration is
recommended. This basis function set is shown to have wide applicability and

high accuracy.

The performance potential of higher-order basis functions is evaluated in

simulation.

An empirical technique for finding the optimal part-specific basis functions,
without the need for a model of the part, is presented. This technique uses
methods from experimental design and statistics and maximizes the performance

of Direct Calibration for a specific part.
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CHAPTER 1: INTRODUCTION

The average market life of consumer products has decreased drastically over the
last two decades. To remain competitive in this changing market place,
manufacturers must minimize their time to market - the time it takes to get a
product through design, up the ramp to full production, and to the market in
volume. Manufacturing today is also characterized by high production volume
which often results in the use of automated assembly [97, 108, 110]. Reducing
time to market necessitates a reduction in the time to design and implement the
assembly automation equipment for a new product. Traditional dedicated
automation equipment - that is designed to handle one specific assembly task
efficiently and precisely [15]- has a long lead time because of its complex
mechanical makeup and often inexact development methods. The design of
bowl feeders, for example, is often described as a “black art” [38]. Furthermore,
product design and production tooling must be finalized before dedicated

automation equipment can be implemented.

Flexible assembly can solve these problems by “going up the ramp”, or evolving,
with the changing part design [17]. Flexible assembly systems use generic
hardware such as two-finger, parallel-jaw grippers, and employ computer vision
and sophisticated programming to allow a high degree of flexibility in part shape

and assembly task [24]. Since the hardware used in a flexible assembly cell is



generic and modular, it is easy to adapt the software to a changing part design so

that the assembly system can evolve along with the part design.

One problem with flexible automation is the complexity and lack of robustness of
the intercalibration of all the components of the workcell and the part itself.
Whenever sensors are used in a robotic assembly cell to compensate for
variations in part location, part-to-part variations, and robot inaccuracies, the
spatial relationships between the robot, the sensors, and the parts to be
assembled must be accurately known. Traditionally, this calibration has been
treated as related only to the assembly system itself, independent of the part and
the assembly task [53]. In such an approach, the transformation of sensor data to
estimates of part location then depends on a CAD model-based lgorithm, which
can be highly sensitive to the accuracy to which the model represents the real

production parts.

A novel approach to the calibration problem, called Direct Calibration, calibrates
the entire assembly system - the robot, the sensors, and the parts to be assembled
— in a single procedure [87]. The relationship between feature information in
sensor coordinates and the part location in robot coordinates is determined in
three steps: calibration data are generated by using the robot to move the part to
be assembled under the view of the sensors by known amounts; the best-fit
mapping representing this assembly process is calculated; and this mapping is

used in production to estimate the part locations from the current sensor data.
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While this approach has proven to work very well in its current application [75],
this research establishes which basis functions should be used in the Direct
Calibration mapping for optimal process performance. Furthermore, this work
generates a better understanding of the significance of the basis functions for the

process performance.

The research described herein answers the following questions.

Can the Direct Calibration performance be improved by a better choice of

basis functions?

* How can the Perfect Basis Functions for certain classes of parts be found
in simulation?

* How do these Perfect Basis Functions differ from the basis functions in

use in the prototype Direct Calibration workcell?

* Which set of basis functions should be used for a general application of

the Direct Calibration technique?

* Ifageneral applicability of the Direct Calibration technique is not
important, how can the performance for a specific part be optimized

without requiring a CAD model of the part?

The current research application of Direct Calibration is a tray loading cell used

for flexible feeding. Chapter 2 provides an overview over the field of flexible



4

feeding. Illustrated are the importance of part-in-hand sensing and the benefits
of Direct Calibration in real-world applications. Chapter 3 introduces the tray
loader cell that was used in this research and explains the Direct Calibration
method in detail. The significance of the choice of basis functions for the Direct
Calibration technique is outlined in Chapter 4. Perfect Basis Functions are
developed for different classes of parts and their performance, as well as their
expanded form, is compared to that of the basis functions used in the actual cell.
Chapter 5 explores variations of the set of basis functions that was found to work
best for a general application of Direct Calibration. In Chapter 6, future research
topics are recommended and a method for finding the Optimal Basis Functions
for one particular part is outlined. Chapter 7 summarizes the findings of this

research.



CHAPTER Z A REVIEW OF FLEXIBLE FEEDING

The traditional approach for high-volume assembly has been to use custom-
designed, dedicated automated assembly systems that rely on hard tooling;
however, the long lead time necessary to design and implement these complex
assembly systems has become prohibitive. This shortcoming of traditional
automation has given rise to a growing demand for modular, flexible automation
for assembly [97, 108, 110]. Here, flexible refers to a system that can handle a
wide variety of parts through reconfiguration involving changes primarily in the
software, with changes in the hardware limited to nothing more involved than
simple mechanical adjustments. With flexible assembly systems, a significant
reduction in time to market is achievable because a considerable portion of the
assembly cell hardware can be specified much earlier in the product design cycle
than is possible with dedicated automation. In this regard, flexible automation
for assembly is important to achieving the full benefits of concurrent
engineering. Furthermore, since the capital equipment involved can be
depreciated over multiple generations of products, the ability to reuse these
flexible assembly modules and rapidly reconfigure them for new or redesigned

products is economically attractive.

Although great strides have been made in flexible automation systems for the
assembly of discrete parts [92, 101], the technology for parts feeding has not kept

pace. Feeding parts to flexible assembly systems frequently is the bottleneck for



high-volume assembly [32, 35, 97, 108]. Here, feeding refers to locating
(positioning and orienting) the parts to be assembled in a manner suitable for
grasping by a robot in the flexible assembly system. Over the last two decades,
flexible parts feeders have been evolving, primarily through the addition of
sensors to conventional parts feeders, such as vibratory bowl feeders. More
recently, the trend toward less expensive but more powerful computer systems,
coupled with advances in sensor technology, especially improvements in the
hardware and software for machine vision, has accelerated this evolution. In the
past several years, vision-based, flexible parts feeders have become

commercially-available products [13, 97, 108].

In this review of flexible parts feeding, the operational aspects of parts feeding
are presented and methods of achieving flexibility in parts feeding are examined.
Two state-of-the-art flexible parts feeders are described in some detail. And

finally, emerging technology related to flexible parts feeding is reviewed.

2.1 Parts Feeding

For a variety of economic and logistic reasons, it is common for component parts
to be available only in bulk, that is, in hoppers, bags or other containers with

each container holding many identical parts.

The objective of parts feeding is to deliver a sequence of parts in which each part
has a specified location (position and orientation) so that it can be grasped by a

robot or directly enter some other downstream process. To achieve this
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objective, the two basic tasks of a parts feeder are to singulate parts from bulk

storage and to orient and position individual parts.

A wide variety of mechanical approaches have been applied to part singulation.
Once singulated, parts will be in one of the small number of stable poses possible
for that part. As pose is used herein, each of the different poses of a part is
distinguished by a different set of points of contact between the part and the
surface on which it rests. For example, a cubic part has six possible stable poses
on a flat surface, which correspond to the six sides on which the cubic part can
rest. Part pose is important in part feeding because which part features are

hidden and which are accessible are uniquely specified by part pose.

In general, singulated parts can be oriented and/or positioned in one of three
ways. The part orientation and/or part position can be preserved, such as by
transporting the parts in formed trays; mechanically enforced, for instance by the
orienting devices in a bowl feeder, or sensed, as in most vision-based feeders.
Although sensorless approaches to flexible parts feeding are beginning to receive
considerable research attention, sensing is the predominant practicable approach

to achieving flexibility in systems for feeding discrete parts.

Conventional feeders, such as vibratory bowl feeders, are widely used and
perform well once designed and configured [2, 15]. However, conventional
approaches to parts feeding are not flexible. In the context of parts feeders,
flexible refers to a system that can handle a wide variety of parts through

reconfiguration involving changes primarily in the software, with changes in the



hardware limited to nothing more involved than simple mechanical adjustments.
This flexibility is required when a minimal time-to-market of the product is

essential.

2.2 Flexible Parts Feeding

In this section, the operational aspects of parts feeding are presented and the
various methods of achieving flexibility in parts feeding are examined.
Conventional parts feeders that have evolved by incorporating sensors to
provide flexibility are discussed, as are the more inherently flexible vision-based

parts feeders.

2.2.1 Operational Characteristics of Parts Feeders

The major operational characteristics of a parts feeder are shown in Figure 2-1.
The ovals represent the states of the parts, while rectangles denote feeder
operations. Parts are usually delivered in bulk; however, the goal of feeding is
for parts being fed to end up in the state having a prescribed orientation and
position that is suitable for subsequent grasping by a robot or subsequent entry
directly into some downstream process. The three basic functions of a parts
feeder are singulating, orienting, and positioning. These three functions can each
be achieved in either of two ways: the desired state can be enforced mechanically
by the feeder, or the existing state of the parts can be sensed and subsequently
accommodated. For example, a part can be manipulated into a prescribed

orientation or its present orientation can be sensed and accommodated by the
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robot. The common combinations of enforcing and sensing are the five feeder

paths labeled in Figure 2-1.

bulk parts
(unsingulated)

singulate v

o

orient
*L%

position sense

Y

Y

part in known
position and
orientation

Figure 2-1: Flow diagram showing several operational paths through which bulk parts
can be fed from an unsingulated state in a hopper to a state in which the position and
orientation of each individual part are known at the output stage of the parts feeder.
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PathQ - Transport the parts to the assembly process in a manner that
presents them at the desired position while maintaining the desired
orientation. This is possible only if the parts have the desired

orientation initially.

Path1 - Singulate the parts, then mechanically enforce a specific predefined

orientation and position.

Path2 - Singulate the parts mechanically, enforce a predefined orientation,

and then sense the position of the oriented parts.

Path3 - Singulate the parts mechanically, then sense both orientation and

position.

Path4 - Sense the orientation and position of parts without singulating them

beforehand.

Preserve Orientation and Position (Path 0)

Delivering the parts to the assembly robot in a predefined orientation and
position makes possible the use of blind assembly robots, which reduces the
complexity and cost of the assembly system [33]. Tray-based systems, such as
the Sony SMART system [92, 101], deliver a tray of identical parts to the
assembly cell. The tray is fixtured in position and the robot grasps parts blindly

from an array of accurately located cavities in the tray. Although this approach
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does simplify parts handling in the immediate neighborhood of the assembly
cell, the new question of how to get the parts in the trays in the first place must

be answered.

Other common approaches for preserving both orientation and position in parts
feeding are the use of tubes for feeding cylindrical components [2], the use of
tapes for electrical components and small subassemblies [1, 3, 6, 63, 101], and the

use of various other types of magazines as described in [109] and [2].

Orient and Position without Sensors (Path 1)

Bowl feeders, either vibratory or centrifugal, are the traditional mechanism for
feeding discrete parts [15]. These feeders do not require sensing, but the design
of the bowl and its orienting devices has been called "a black art" [38]. The long
lead times for bowl feeder design and construction, coupled with the fact that
even slight changes in part design frequently necessitate the retooling of a bowl,
make bowl feeders fairly inflexible. The simplification of the bowl feeder design
process by simulating the feeding process is an active area of research [9, 10, 21,

28, 56, 57, 68, 80, 91, 94, 105].

Sensorless feeding is very robust in those cases where significant advantage can
be taken of special part geometry. A feeding system for headed parts such as
screws and bolts is described in [66]. This system is easily reconfigured for other

shapes and sizes of headed parts.
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The problem of loading parts into trays for the Sony SMART system described in
the previous section has been answered for various classes of small parts by
APOS [48, 101}, a tray-loading system in which parts are tumbled over an
inclined tray that is vibrated. The tray contains an array of accurately located
identical cavities, with each cavity designed to capture a part in the proper
orientation and reject parts in all other orientations. Once a part is captured in

one of the cavities, its orientation and position relative to the tray are enforced.

echanically Preorient with Subsequent Sensin th 2
Rather than trying to completely orient a part by moving it through a series of
passive fences with a conveyor belt, such fences can be used to reduce the
number of possible orientations of the part [43, 44, 49, 50, 86, 104, 108]. This
approach is applicable to a wide range of parts and simplifies the subsequent

vision processing required for completely determining the orientation of the part.

Sense Orientation and Position after Sinqulation (Path 3

Most modern parts feeders use machine vision of some form to determine part
orientation and part position after the parts have been singulated. These feeders
can be grouped into two classes: conventional feeders with sensing, which
consists mainly of bowl feeders to which sensing has been added to increase
flexibility or decrease design complexity; and vision-based parts feeders, which
typically use conveyor belts to move parts into the field of view of a machine

vision system that is used to sense orientation and position of parts. These two
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classes of flexible parts feeders are treated in more detail in the subsections that

follow.

A number of parts feeding systems sense part orientation but have no provision
for enforcing or sensing the position of the part [22, 23, 29, 47, 67]. These systems
are generally used for part qualification [18, 37] or other applications in which
only orientation is required [23]. Otherwise, to complete the part feeding
process, these systems must rely on the addition of an output track or magazine

that mechanically locates the part.

Sense Orientation and Position without Sinqulation (Path 4)

The process of sequentially extracting parts from a hopper containing
unsingulated parts is called bin picking. Even when the hopper is known to
contain only one type of part, identifying individual parts in such a bin, selecting
an accessible part near the top of the heap, and computing the part location and
path clearance information necessary for a robot to grasp the part are demanding
tasks for any sensor system [12, 14, 36, 58, 78]. Clearly, bin picking provides the
ultimate flexibility for parts feeding; however, due to the inherent complexity of
the task, reliable bin picking is generally unachievable for industrial parts, at

least, unachievable at a cost competitive with other options for parts feeding.

2.2.2 Conventional Feeders with Sensing

Sensors have been added to conventional parts feeders, primarily vibratory bowl

feeders and centrifugal bowl feeders, for two main reasons: the nondestructive
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qualification of parts and the determination of part pose. In either case,
stationary instrumentation is added to sense parts as they move by on the output
track of a bowl feeder or on a conveyor that has been fed by a bowl feeder. A
variety of acoustic, inductive, capacitive and microwave sensors have been used
for nondestructive qualification of parts [18, 37], and machine vision systems
have been used for determination of part pose [41, 47, 55, 71, 77, 104] or
simultaneous pose determination and nondestructive qualification [29]. If
special features can be designed into the part, the vision processing can be

greatly simplified [54, 72].

These conventional feeder systems with sensing have some means, typically an
air jet [41, 47, 67] or pneumatically-activated mechanical gate [23, 29], for
eliminating from the output stream of parts those parts that have been deemed
unacceptable. In nondestructive parts qualification systems, the failed parts are
diverted to a rejection bin; whereas in the pose determination systems, parts in
an incorrect pose are diverted to a chute that returns them to the bowl of the
vibratory feeder. In some systems, parts that are upside down are turned over
into a graspable pose resulting in no rejection of parts [17, 104]. While it is
possible to stop the feeder to grasp a correctly oriented part directly from the
feeder track {71], this is usually avoided to maximize feed rate. Because the parts
are sensed on a moving conveyor, part position typically is not measured and the
parts cannot be grasped by a robot without additional sensing or additional
tooling to mechanically locate the parts. In an exception, the robot "pursues” and

grasps the moving part on the feeder track [55]. Since the bowl is used solely for
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singulation in these systems, several different part types can be fed with one
feeder [71]. However, cycle time may suffer if the robot has to wait for the
desired part in the desired orientation to arrive. For certain classes of parts, the
parts can be fixtured mechanically before they are sensed [104]. Although such
fixturing increases the mechanical complexity of the system, it does reduce the
complexity of the vision algorithm and facilitates position determination at the

same time.

2.2.3 Vision-Based Parts Feeders

Most vision-based, flexible parts feeders use some form of vibrating element to
singulate incoming bulk parts [13, 46, 51, 62, 108]; however, some systems use
inclined belts [26, 49]. Once singulated, parts will be in one of the small number
of stable poses possible for that part. At this point, the parts are sensed to
determine pa:t pose, as indicated schematically in Figure 2-2. Identification of
part style typically is not required because only one type of part is usually fed at
a time, though some research has been done on feeding multiple part styles at
once [16]. Parts in unacceptable poses are either recycled back into the bulk parts
hopper [13, 19, 26, 49, 62, 108] or are reoriented into a new pose and sensed again
[97, 110]. As shown in Figure 2-2, after a part has been deemed to be in an
acceptable pose, the orientation and position of the part are determined by
further processing of the image used to determine part pose, or by acquiring and

processing a new image of the part. The vision systems used are mixed in
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regards to lighting: some use back lighting [13, 19, 26, 46, 62, 108], whereas
others use top lighting [7, 49, 97, 103].

]
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Figure 2-2: Diagram of the major steps in a common automation cell containing a vision-
based, flexible parts feeder.

Vision-based, flexible parts feeders have been evolving over almost two decades.
A forerunner of this type of feeder, which used discrete photocells rather than
CCD cameras, required extensive mechanical preorientation in order to reliably
determine part orientation for a restricted class of parts [86]. Early vision-based
parts feeders were generally limited in the variety of parts they could
successfully feed. The limited resolution of early machine vision systems often
necessitated two-stage sensing, where a fixed overhead camera was used to
locate parts in the field of view, and an arm-mounted camera was used to sense
orientation and position of the part more accurately [7, 103]. More recently,
vision-based, flexible parts feeders have been a topic of active research in
university research laboratories [16, 19, 26, 27, 49, 74, 75]. In the past several
years, vision-based, flexible feeders have become available commercially [13, 97,
108], and major industrial applications have shown that this type of flexible

feeder fares well on the factory floor [64, 92].
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2.3 State-of-the-Art Flexible Parts Feeders

Recent technological trends, particularly the availability of less expensive but
more powerful computer systems and the advances in the hardware and
software for machine vision, have led to a new generation of flexible parts
feeders [13, 19, 20, 26, 43, 44, 49, 50, 52, 64, 69, 79, 88, 95-97, 108]. The state-of-the-
art in flexible parts feeding is well represented by two of these modern vision-
based parts feeders: the FPF2000 Flexible Feeder for Small Parts [43, 44, 108] by
Intelligent Automation Systems, Inc. (IAS) and the Adept FlexFeeder 250™ [13, 25,
52, 64, 79] by Adept Technology, Inc. Details of these two feeders are presented

in the remainder of this section.

2.3.1 Flexible Feeder Operation

In these vision-based, flexible parts feeding systems, a vibrat.ng conveyor system
or vibrating plate is used to singulate the incoming bulk parts. Singulated parts
then are presented on a back-lit conveyor to a downward-looking CCD camera,
as indicated schematically in Figure 2-2. In the Adept FlexFeeder 250™, multiple
parts are presented to the vision system for each image; whereas for the IAS
FPF2000, programmable mechanical gauges align singulated parts in single file
as they move through the system, and a single part is presented to the vision
system for each image. Each part presented to the vision system will be on the
back-lit conveyor in one of the small number of stable poses possible for that
part. Based on the part geometry and the desired operation for the part once it

has been grasped by the robot, there are a limited number of possible points at
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which the part can be grasped or picked. Stable poses are classified as pickable

or unpickable, depending on the accessibility of a pick point.

A major task of the vision system in a flexible parts feeder is to determine the
pose of the part being examined. Identification of part style is not required since
only one type of part is fed at a time. Once a presented pose is identified as
pickable, the position and orientation of the part must be determined. Because
the part is at rest on a flat surface, orientation of the part is restricted and can be
described simply by a rotation about an axis perpendicular to the back-lit
conveyor. In the IAS FPF2000, the programmable mechanical gauges are used to
configure the part path such that parts in undesirable poses fall off of the edge of
the conveyor, where they fall onto a separate conveyor and are returned to the
bulk parts hopper. Vision processing is based on a template matching approach
in which a silhouette of the part is extracted from the image and compared to an
array of templates generated in the calibration or training procedure. A mirror at
the edge of the conveyor is positioned at 45° to the camera axis to allow both a
top view and a side view of the part to be captured in a single image. This
feature adds additional information that is useful when a top view is not
sufficient to distinguish part pose [44]. In the Adept FlexFeeder 250", because
multiple parts are in the field of view of the camera, the image must first be
processed to determine all candidate parts. Afterwards, a suite of vision
processing tools is applied in turn to each candidate part in the image to

determine part pose as well as part position and orientation for parts in pickable
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poses. These vision processing tools range from connectivity analysis to

advanced tools for disambiguation of similar but distinct stable poses [76].

After the part location information for a part in a pickable pose has been
transmitted to the robot, the part is grasped by the robot and the desired
manipulation or assembly task is carried out. In operation, an unpickable pose is
rejected and the next part is considered. For the Adept FlexFeeder 250", parts
that are found to be in unpickable poses remain on the back-lit conveyor until all
candidate parts in the image have been examined, at which time the back-lit
conveyor is advanced to bring new parts into the field of view. Unselected parts
eventually travel to the end of the conveyor, where they fall onto a separate
conveyor that returns them to the bulk parts hopper. Because the vision system
in the JAS FPF2000 accepts only one part at a time, any part found to be in an
unpickable pose is immediately indexed off the back-lit conveyor onto the return
conveyor. The preorientation carried out by the programmable mechanical

gauges reduces the likelihood of an unpickable pose at this stage.

The changeover from feeding one type of part to feeding a different part involves
purging the feeder of parts by closing the supply hopper and allowing the
remaining parts to circulate through the system and back to the bulk parts
hopper. The feeder then is reconfigured for the new part type. On the IAS FPF
2000 all adjustments necessary for reconfiguration are programmable, so that
only software changes and no manual intervention are required for part

changeover. For the Adept FlexFeeder 250", the typical adjustments required for
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part changeover are programmable, while some less frequent adjustments must
be made manually if required. For both systems, the time required for part

changeover is brief.

Although these two flexible feeders differ significantly in the details of their
approach to parts feeding, these systems each perform the four basic functions of
a vision-based, flexible parts feeder: isolate single parts on the flat, back-lit
output conveyor of the feeder; determine part pose; calculate the part location for
parts that are in a pickable pose; and recirculate parts that were presented in an

unpickable pose.

2.3.2 Flexible Feeder Capabilities

These flexible feeders currently can handle parts with a minor dimension as
small as 0.5 mm (0.02 in) and a major dimension of up to 65 mm (2.5 in). Cycle
times depend upon the robot used and on the details of the parts being fed, but
generally range from one to four seconds per part, with 2-3 seconds per part (20-
30 parts per minute) being typical. Based on pose frequencies estimated from
CAD data for the parts being fed, feeder throughput can be predicted for the
Adept FlexFeeder 250™ [39, 70], and the optimal belt speed to maximize feeder
throughput can be estimated [45].
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2.3.3 Flexible Feeder Limitations

Other than the limitations on part size and cycle time mentioned above, and the
obvious limitations that parts must have at least one suitable stable state when
resting on the flat, back-lit conveyor and must be durable enough to withstand
multiple passes through the feeder, the major limitation of flexible part feeders is

that the location of the part is sensed before the part is grasped by the robot.

Due to errors in the vision processing, errors in the robot and gripper, and part-
to-part variations in the parts being fed, the grasping error, which is the total
distance between the actual pick point and the ideal pick point, may be as large
as £2 mm (+0.08 in) [75, 76]. For a given resolution image system, the vision
processing errors tend to increase with the size of the field of view and the size of
the part. This effect is more significant with the Adept FlexFeeder 250™, where
the larger field of view does potentially increase feeder throughput, but also
reduces resolution and increases distortion in the vision system. The current
approach to overcoming grasping errors, which can be large with respect to the
overall process tolerance, is to use part-specific grippers on the robot to
mechanically ensure that the part is correctly registered relative to the gripper.
For those cases in which grasp error is important, such as assembly, this type of

flexible parts feeder typically is used with robots having part-specific grippers.
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2.4 Emerging Technology for Flexible Parts Feeding

2.4.1 Recent Research in Part Manipulation

Recent research in the area of parts manipulation may lead to a generation of
novel flexible part feeders. Research in this field strives towards orienting parts

with little or no sensor information.

The following are some of the part manipulation strategies that have been
proposed:

* moving a table on which the part rests against fixed but adjustable fences [65]

* manipulation a part through contact with the walls of a tilting tray [34]

¢ a 3-DOF, horizontally-vibrating plate [93]

* moving the part through a series of curved fences using a conveyor belt [11,
84, 107]

* manipulating the part with two single-degree-of-freedom rotating fences [112]

* manipulating the part with a single-degree-of-freedom rotating fence while
the part is being transported by a conveyor belt [4, 99, 100]

¢ toppling (knocking the part over) [61]
¢ tumbling the part down a series of steps [111]
¢ pushing [5, 98, 102]

¢ grasping the part with a parallel-jaw gripper having a linear bearing on one
jaw [38, 90]
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e grasping the part with a parallel-jaw gripper with pivoting fingers [89]

* manipulating the part with a force field generated by an array of manipulators
[30, 60]

Working towards an analytical design of a parts feeder, some authors provide
rigorous mathematical algorithms for planning these motion strategies [11, 89,

107].

Very relevant to part feeding are methods that can orient parts by a predefined
sequence of blind manipulations. For certain classes of parts, a specific sequence
of manipulations results ir the same final orientation of each part, irrespective of
the initial orientation [11, 34, 40, 84, 112]. This research may lead to a new

generation of sensorless parts feeders in the future.

Sensorless manipulation methods which cannot manipulate parts to the desired
orientation from any possible initial orientation can be used to reduce the

uncertainty in the orientation of the part, as described above in Path 2.

2.4.2 Accomodating Part-in-Hand Error

Just as the singulation, orientation and position of a part can be enforced
mechanically by a parts feeder or the existing state of the part can be sensed and
accommodated, the orientation and position of a part relative to the gripper can

be enforced or sensed and accommodated after the part is grasped. Part-specific
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grippers overcome grasp error by enforcing a particular orientation and position
of the part relative to the gripper once the part has been grasped. As shown in
Figure 2-3, an alternative approach to overcoming grasping errors is to sense the

location of the part relative to the robot gripper after the part has been grasped.

part in known
position and
orientation

grasp grasp
(pant-specific gripper) (generic gripper)

sense

accurate
part-in-hand
location

assembly
or other
downstream process

Figure 2-3: Flow diagram showing two approaches for overcoming significant grasp
error: enforce the required orientation and position with a part-specific gripper; or sense
the location (position and orientation) of the grasped part relative to the generic gripper
and alter the robot path for the subsequent process to accommodate the grasp error that
was sensed.
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Several ways of directly measuring the part-in-hand location for a part in the
grasp of a robot have been reported. One method, which has been used
successfully for years in component placement on circuit boards, is to use an
upward-looking CCD camera to measure features of a part held by the robot
[53]. Also used for component placement on circuit boards are robots with a
camera mounted to the robot arm, which are called camera-in-hand or eye-in-
hand systems [8]. These methods, however, are typically restricted to planar
parts and allow correction in only the planar degrees of freedom. In order to
handle non-planar parts or to correct for part misalignment in more than three
degrees of freedom, both of which are common with discrete mechanical parts,
more sophisticated sensing is required. Conventional approaches for measuring
the location of non-planar parts range from using two CCD cameras for stereo
vision to using even more sophisticated, real-time, three-dimensional sensing
systems [42]. Two novel, straightforward approaches to directly measuring the
part-in-hand location of a part in the grasp of a robot are described here [24, 75,
83, 106]. These approaches are inexpensive in that they do not require sophisti-
cated sensors; simple in that they are self-calibrating and in that they do not
require a CAD model of the part; and robust in that recalibration is relatively

quick and easy.

The first of these approaches uses a nest of three simple optical beam sensors,
each of which responds to the presence or absence of an object along the beam
line [24, 83, 106]. The robot passes the part through this sensor nest at a constant

velocity. The position of the robot is recorded when each beam is first broken by
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the part and again when each beam is reconnected after the part passes. From
this information, the location of the part relative to the robot gripper can be
calculated in real time quickly enough for adjustment of the paths required in the
subsequent assembly operation. In an evaluation using cylindrical parts, this

system has been shown to be accurate to 0.025 mm (0.001 in).

The second of these approaches uses a CCD camera to observe how a grid of
laser lines breaks across the part in the grasp of the robot [75]. After the robot
has picked up a part from the output conveyor of the flexible feeder, the part is
positioned in the active area of a stationary sensor pod, where the CCD camera
takes an image of the intersection of a tic-tac-toe pattern of laser lines with the
part. From the information available in this image, the location of the part
relative to the robot gripper can be calculated in real time quickly enough for
adjustment of the paths required in the subsequent assembly operation. In a
tray-loading application involving a variety of inkjet printer parts having
moderately complex geometry, this approach has been shown to compensate for
more than 90% of the error in part-in-hand location that was present after the
part was grasped from the output conveyor of the flexible feeder. This tray-
loading station was used to generate the data for the research presented later in

this document.

Although systems using these approaches for measuring part-in-hand location
for discrete mechanical parts are not commercially available at present, these

approaches provide significant improvements in overall accuracy and are
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sufficiently simple, inexpensive and easy to use that they may be commercially

viable in the future.
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CHAPTER 3: THE TRAY LOADER CELL AND DIRECT
CALIBRATION

The research described herein focuses on an important aspect of the Direct
Calibration technique, the choice of basis functions. So that the significance of
the choice of basis functions can be appreciated, a review of Direct Calibration is
warranted. In the Direct Calibration approach to robotic workcell calibration the
entire manipulation system - the robot, the sensors, and the parts to be handled -
is calibrated for the required task in a single procedure to directly determine the
relationship between the part feature information in sensor coordinates and the
part location in robot coordinates. The prototype application of Direct
Calibration is a tray loading cell which is presented with parts in unknown poses
and orientations and sorts these parts into trays. This tray loading cell is used to
illustrate the Direct Calibration concept. The following two sections outline the
tray loading cell and explain Direct Calibration in detail. The last section

illustrates how the performance of the system is evaluated.

3.1 Description of the Tray Loader System

The purpose of the tray loading cell is to sort inkjet printer parts that are received
in bulk into part-specific trays so that a downstream assembly process can use
blind robots to grasp the parts from known locations in the tray. Six different

inkjet printer parts are considered as shown in Figure 3-1.
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Figure 3-1: The six printer parts handled by the tray loader

The tray ioader system shown in Figure 3-2 centers around a 6-DOF serial link
robot with a robot controller that is slaved to a Macintosh computer. The
Macintosh also contains a video frame grabber that can digitize raw image data
from the initial sensing and final sensing cameras in the workcell. Image
processing software running on the Macintosh is used to find and identify

features in the acquired images.
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Figure 3-2: The tray loader cell.

In production, a part in unknown pose and orientation is dropped onto a backlit
platform that represents a commercially available feeder [64, 108] and presented
to the first stage of sensing. A downward looking camera takes a picture of the
part silhouette and transfers the image to the computer via the frame grabber.
Connectivity analysis and edge detection are used to identify the position and

orientation of the part or to reject the part if it is in an ungraspable pose. If the
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part is graspable, a location frame is attached to the part. Figure 3-3 shows an

initial sensing image with video processing performed.

Figure 3-3: Initial sensing image with vision processing

The robot gripper is then commanded to a grip point predefined in the part
location frame and picks up the part. While the location of the part is known
with sufficient accuracy for pick-up after initial sensing, the grasping process
with the parallel-jaw gripper reorients the part sufficiently so that the knowledge
of the exact part location with respect to the gripper is lost. The part-in-hand
error is measured as an offset from the part position at calibration. Since the part
is constrained by the parallel jaw gripper, the part-in-hand error is constrained to
three degrees of freedom, two translations and one rotation. To determine this
part-in-hand error, the robot moves the part into a grid of laser lines where a
final sensing camera, fitted with a laser light specific optical band-pass filter,

acquires an image of the laser lines falling onto the part. The vision system then
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accurately locates the ends of the laser lines as they fall off the part edges as

shown in Figure 3-4.

Figure 3-4: Final sensing image: Part with laser lines and vision processing performed.

These sensor data are used to calculate the part-in-hand location via a mapping
determined using the Direct Calibration approach described in the next section.
The nominal insertion path, which was taught at calibration, is then offset by the

part-in-hand error and the part inserted into the tray.

3.2 Direct Calibration

The Direct Calibration process is divided into three steps. The first two steps
comprise the calibration process whereas the third step takes place during on-

line operation.
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Acquisition of Calibration Data: The robot moves the part by known increments in
the view of the camera. The ends of the laser lines are sensed as the

calibration data.

Determination of Process Mapping: An optimization process is used to find the

best-fit mapping between part location in robot coordinates and sensor data.

Determination of Part Location: The mapping is used to determine the part location

relative to the location of the part at calibration.

The three steps are discussed in more detail in the following subsections.

3.2.1 Acquisition of Calibration Data

Calibration data are gathered by moving a part in the grasp of the robot gripper
around a nominal position and recording the location of all features at every
perturbation. The calibration range for this application is +2mm for the
translations and +2° for the rotation, based on expected part-in-hand errors. A

uniform grid of calibration points over the calibration range is used.

For a set of N calibration patterns, the set of calibration vectors is

L, S,
Lew=| i and Sew=|‘:

’

LN CAL SN CAL

where, for1<p<N,
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L =[X,, Y, 0,,] (location vector),

S, =[sp., S,,_,,s,,,] (sensor vector).

The location vectors correspond to the location of the grip point at each part
perturbation and are measured in robot coordinates. The ends of the laser lines
are referred to as features. The sensor vectors correspond to the locations of
these features and are measured in raw pixel space. The number of “sensors”,
nSen, is the number of sensor values measured for each perturbation of the part.

Since each feature has two coordinates [x,y], nSen is twice the number of features.

3.2.2 Determination of Process Mapping

A linear least squares technique with nonlinear basis functions' is used to
determine the process mapping between sensor values in camera space and part
location in robot space. This relationship can be described by either a forward

mapping or an inverse mapping as shown:

S=f(L) (forward mapping)

L=f*(S) (inverse mapping).

' Note that in the strict mathematical sense, the term “basis functions” implies that the
members of the set are linearly independent. In this research, this requirement is
relaxed.
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To determine the part location at run time, the inverse mapping can be used on
the sensor data. However, it has been shown that the use of the forward
mapping with a run-time iterative inversion procedure is considerably more

robust to variations in part geometry than direct use of the inverse mapping [87].

Since the true process mapping f is not known, it is assumed to be a linear

combination of a set of basis functions. L, the augmented location vector,
consists of these basis functions which are chosen to be linear and quadratic

combinations of the components of the location vector. Therefore,
L=[1 X Y 0 X* XY X0 Y’ Y0 6]

can be used to yield an estimate of the sensor vector §:

L 'CFORI

s=§

where
C.x = nBF x nSen matrix of weights, and
nBF is the number of basis functions.

For the “quadratic” set of basis functions shown, nBF = 10. The N calibration
patterns (sets of location perturbations and their corresponding sensor values)

correspond to an overdetermined system of linear equations,
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Sca =| 'CFOR =Ley 'CFOR,

NleaL

which can be solved for the calibration matrix, C,., using singular value

decomposition (SVD) methods for non-square matrices.

3.2.3 Determination of Part Location

An initial guess for the location of the current part, L,, is run through the
forward mapping to yield S, an estimate of the sensor vector. Since the true
sensor vector S is known, the difference between $ and § is an indication of the

adequacy of the guess of the part location and L, can be adjusted to minimize

this error. This iterative inversion procedure minimizes the cost function

The L that minimizes the cost function is then used as the estimate for L.

3.3 Process Error Evaluation

The Direct Calibration system measures part-in-hand error, but for evaluation
purposes this error can be simulated by intentional offsets of the robot hand. A
part is grasped, presented to the Direct Calibration system and defined as having

zero part-in-hand error (home position). Then the part is presented with an
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intentional offset from the home position. Since the part is still in the same grasp
of the robot and has not moved relative to the gripper, the offset of the part —

subject to robot repeatability - is known. Since the part location L is known, it

can be compared to the Direct Calibration location estimate L to yield and
estimate of the error at the grip point. However, because the worst-case error at
the perimeter of the part is critical in a tray loading or assembly operation, the
error at the grip point is translated to the point on the part that is furthest from
the grip point. This approach converts the rotation error at the grip point to a
more meaningful offset and rotation at the extreme point. It also accounts for the
fact that larger parts require a smaller error at the grip point than smaller parts

for a successful insertion or assembly operation. The part location estimation

error (L -L) translated to the part extreme is used to quantify the performance

of the Direct Calibration system.
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CHAPTER 4: BASIS FUNCTIONS

The mapping between sensor data in camera space and part location in robot
space is at the heart of the Direct Calibration technique. At the time of
calibration, a part-in-hand home position is defined and the insertion (or
assembly) path taught with the part in this part-in-hand home position in the
robot gripper. The locations of the ends of the laser lines when the part is in the
home position are stored as the sensor zeros at the time of calibration. To
determine a part-in-hand location during production, raw sensor data are
gathered by locating the points where the laser lines end at the edge of the part
in view of the camera and the difference between the raw sensor data and the
sensor zeros is calculated. These data then need to be mapped to a part-in-hand
location or part offset from its home position. The basis functions represent a
part-independent guess at the nature of the complex geometric relationship
between these two spaces. Hence, the basis functions make or break the success
of the Direct Calibration process. Not only will the omission of key basis
functions hurt performance when the true geometric relationships cannot be
adequately constructed, but the inclusion of too many higher-order terms has the
potential to exaggerate the effect of noise in the data, cause numerical problems
in the matrix inversion and optimization routines, and require much larger

calibration data sets.
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The best basis function set for use in Direct Calibration must thus fulfill the

following criteria:

1) Provide high accuracy in mapping between the two spaces.

2) Provide equally high performance across all types of parts expected to be
used with the system.

3) Cause no numerical problems in the pseudo-inversion and optimization
routines.

4) Function with reasonably sized calibration data sets.

The described research is a thorough investigation of the basis functions of the
Direct Calibration process mapping. The goal of this research is to develop an
understanding of the underlying relationship between part geometry and
Optimal Basis Functions. This investigation includes finding the best basis
functions for certain representative parts to optimize the performance of the
production process, as well as suggesting basis functions for new parts without
having to run experiments on them. The insight gained from optimizing the
basis functions for certain classes of parts leads to the desired understanding of
the systematic relationship of part geometry, basis functions, and process

performance.

Sets of newly developed basis functions are tested in both simulation and
experiments. Real world experiments are vital to include the non-linear effects of
real sensors, part surface textures and geometries, and real robot characteristics

which are difficult to simulate effectively.
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4.1 Comparing Sets of Basis Functions

To compare the performance of different sets of basis functions, a performance
metric must be chosen. A candidate a performance metric is the residual
calibration sensor error. The residual sensor error at calibration is the difference
between the true sensor values and the sensor values calculated by running the
true location data through the generated mapping. This error indicates how well
the mapping fits the calibration data points, but it does not measure the
adequacy of the model for points between calibration points. Thus it is not
sufficient to use the residual sensor error at calibration as a metric for the
performance of a set of basis functions. It is really the performance of the system
using actual production data that is of interest and is thus chosen as a metric. To
test the robustness of the Direct Calibration process with a given set of basis
functions, production data that involve part-in-hand error are simulated with
data created from a set of random perturbations over the range of the calibration
data. Figure 4-1 shows the uniform grid of training perturbations, while Figure

4-2 illustrates the random perturbations that simulate actual part-in-kand error.
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Figure 4-1: The uniform grid of perturbations used to train the Direct Calibration system.
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Figure 4-2: The random set of 500 evaluation points.
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These evaluation data are taken in the actual cell, where the offset of the robot is
specified to simulate unintended part-in-hand error. The residual location error
is then defined as the difference between the part location calculated by running
the sensor data through the mapping and the actual location as specified to the
robot. This error is measured at the grip point of the part but is then translated
to the part extreme as described in the last section of Chapter 3. The error at the
part extreme is plotted for all 500 random evaluation points and the average

error and maximum error are shown in an accompanying table.

The “Quadratic” Basis Functions currently used in Direct Calibration as shown
on page 35 were selected without any investigation into the requirements of the
Direct Calibration process on the mapping. The Quadratic Basis Functions have
proven to work in the tray loader workcell, resulting in performance well within
the process tolerance [87]. However, the process tolerance in the tray loader cell
is 0.2 mm, a result of the clearance around the part in the tray cavity.
Automated assembly tasks are likely to require smaller process tolerances,

necessitating a higher accuracy of the Direct Calibration process.

The performance of the Quadratic Basis Function set is used as a reference for

any newly developed basis function sets.

4.2 Generating “Perfect” Basis Functions

To establish a performance reference point and - indeed - the performance limit

for a given part, the “Perfect” Basis Functions for that part can be found and their
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performance compared to the basis functions currently in use. An Perfect Basis
Function (PBF) set is one that consists of the terms that are contained in the
actual mathematical equations that describe the geometric relationships between
a perturbation of the part in robot space and the change in its sensor values in
camera space. Note that these PBF sets are highly part specific and thus would
not fit the Flexible Automation paradigm that is integral to the Direct Calibration
idea. Perfect Basis Functions do, however, provide valuable insight into the re-
quirements of each part type on the set of basis functions that are actually

selected for use in a Direct Calibration workcell.

Typical parts used with Direct Calibration have at least one planar side with
sharp edges, which works well with structured light sensors. Laser lines break
over edges of the part and the locations of the endpoints of these lines in image
space are found. The geometric relationship between part perturbations and
change in position of the ends of the laser lines can be developed analytically for
simple part geometries. The feature locations then are transferred into camera
pixel space, and the resulting idealized part model is used with a set of part
perturbations to generate sensor data in simulation. Part perturbation sets and
their corresponding sensor values can now be used to evaluate different sets of
basis functions for this “simulated” part. The sensor equations are the exact
relationships between sensor values and part location. The Direct Calibration
process approximates these relationships with linear combinations of the basis

functions specified. Hence, the Perfect Basis Functions for a given part are the
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terms of the sensor equations involving the perturbation variables [X,Y,Z,0].
These “Perfect” Basis Functions are developed for different part models and

compared in the part simulations to the basis functions currently used.

While the Perfect Basis Functiors can be compared to other sets of basis
functions in simulation as described, they need to be validated with real parts in
a real-world production process. Sensor noise, edge effects on the parts, and
other non-idealities impact the success of basis functions in the real system.
Thus, real production parts are used to compare the performance of the
developed basis functions to the performance of Quadratic Basis Functions in the

real tray loader system.

4.3 Developing Perfect Basis Functions for a Simple Part Configuration

As a simple case, a rectangular flat plate is considered. The parallel jaw gripper
constrains the part to perturbations (part-in-hand errors) in a plane, thus
reducing the potential part-in-hand error to three dimensions: two translations

and a rotation.

A distinction is made based on whether the grip point is a web parallel or

perpendicular to the plane of the part as shown in Figure 4-3.
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Figure 4-3: Rectangular part a) constrained to move in the plane of the part b) constrained
to move in a plane normal to the part

The locations of the intersections of the laser lines projected onto the part and the
part edges are the sensor values. For simple configurations, the geometrical
relationship between these sensor values and the part location can be developed
using simple trigonometry and the Perfect Basis Functions for this configuration
extracted from the equations relating sensor values to part perturbation. The
performance of these new basis functions can then be compared to the
“Quadratic” Basis Functions in simulation and on real parts. This flat plate
model represents the majority of parts fed in real world applications. Which side
of the part is grasped by the robot and which side is exposed to the sensing
system is often suggested by the part geometry, but the ultimate decision is with

the engineer who trains the Direct Calibration system with the part.

4.3.1 Translation and Rotation in the Plane

The analytical relationship between the perturbation [X, Y, ©] and the sensor

values is readily determined when the laser lines are perpendicular to the part
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edges and the part only moves in the plane perpendicular to the camera normal

as shown in Figure 4-4.

Figure 4-4: The part constrained to the plane and two of the laser lines
The equations for the two sensor values shown are found to be

si=Y+(r, - X)tan(@)—(—l—— le, and
cos

1
s, ==X - (r, +Y)tan(®) - (cos(@) - l)w

Since the part moves only in the plane perpendicular to the camera normal, the
x-coordinate of sensor 1 and the y-coordinate of sensor 2 do not change in the

camera frame. The equations for the other sensors on the part are analogous.

These equations are used as an idealized model of the part. A set of random part
perturbations over the range of expected part-in-hand errors can be used to

generate simulated sensor data. The generated data and the part model then can
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be used to evaluate different sets of basis functions for the simulated part by
comparing the part locations computed by the Direct Calibration routines to the

known random perturbations.

For this simple part, the Perfect Basis Functions are the terms involving the
perturbation variables [X, Y, ©] in the equations for s, and s, above, while the
coefficients of these terms are the coefficients to be determined by the Direct

Calibration training process. The basis functions are shown in Table 4-1.

Table 4-1: Perfect Basis Functions for a plate part moving in a plane perpendicular to the
camera normal.

Xtan(©)

Ytan(©)

Simulated Part

These Perfect Basis Functions can be tested in simulation by using the equations
that relate sensor values to part perturbation as a part model as described above.
The model is used to generate the training data set from a uniform grid of part
perturbations and the evaluation data set from a set of 500 random perturbations

in the calibration range.

For this simulated part, the training process found the correct coefficients of the
basis functions perfectly, resulting in a perfect model of the part. Also the

evaluation error is zero, meaning the model fit the random evaluation data
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perfectly. These results were of course expected since both the basis functions
and the data come from the same model, but these results do serve as a good

check of the validity of the data generation and simulation code.

To test the robustness of the system using different sets of basis functions with
the simulated part, noise was added to the simulated sensor data. This noise
simulates the sensor noise and the robot repeatability error of the real system and
is randomly sampled from a uniform distribution and scaled to a pixel error
value of a scale similar to real part evaluations. The same random noise was

used for each set of basis functions to insure comparable results.

For this noisy data, the Perfect Basis Functions showed slightly better

performance than the Quadratic Basic Functions as seen in Table 4-2.

Table 4-2: Part-in-hand error [mm)] transferred to the part extreme for the simulated part
with noise added.

1" *\ " 3
L] ! L]

a2 Qa1 at 02 a2 a1 ar [}]
Yot bon) Yor ey

Quadratic BF Perfect BF
Average Error 0.00537 0.00495
Std. Deviation 0.04730 0.04729
Max. Error 0.12540 0.12286
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This limited improvement suggests that the Quadratic Basis Functions are fairly
adequate for this part. In fact, representing the tan(®) and 1/cos(©) terms by the
first few terms of their Taylor series expansions and comparing terms of the
Perfect and Quadratic Basis Function sets reveals that the only terms not covered
by the simpler method are some higher order terms that have only a small

impact on the mapping. Refer to Table 4-3.

Table 4-3: Basis function terms for a flat part constrained to a plane perpendicular to the
camera normal.

Perfect BF X Y © @ | Xo [ xe'| Yo | yvo! | @ 1
Quadr. BF e Xo Yo e’ 1

>
*

Test Part

To validate these results on a real part, a test part was constructed that consists of
a rectangular plate with a grip surface that is parallel to the plate. This geometry
causes any part-in-hand errors to lie in a plane parallel to the plate. The test part

is shown in Figure 4-5.
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Figure 4-5: In-plane test part in the grasp of the gripper

The Quadratic and Perfect Basis Functions then were compared on this real plate

part. Table 4-4 shows the results.

Table 4-4: Part-in-hand error [mm] transferred to the part extreme for the test part.

C'Iuadratic BF Perfect BF
Average Error 0.0344 0.0225
Std. Deviation 0.0811 0.0780
Max. Error 0.2230 0.2107
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Printer Parts

Two of the printer parts currently being used in the tray loader cell have their
grip surface parallel to the sensed surface. They can thus be used as “real world”
test parts for this case. They are used as an ultimate test of the basis functions

generated from the analytical equations. Figure 4-6 shows the two parts.

Table 4-5 and Table 4-6 show the results for Quadratic and Perfect Basis Function

for the two parts.
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Table 4-5: Part-in-hand error transferred to the part corner for printer part A
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Quadratic BF Perfect BF

Average Error 0.0280 0.0387
Std. Deviation 0.0920 0.1003
Max. Error 0.2669 0.2592

Table 4-6: Part-in-hand error transferred to the part corner for printer part B
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Quadratic BF Perfect BF

Average Error 0.0483 0.0508
Std. Deviation 0.1073 0.1057
Max. Error 0.2550 0.2471

For all three cases, the simulated part, the test part, and the printer part, the

Perfect Basis Functions resulted in performance improvements when the
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maximum error is used as the performance metric. These improvements are
rather small. As previously discussed, this limited improvement is due to fact
that the Perfect Basis Functions are very well represented by the Quadratic Basis
Functions. For the printer parts, the average error actually increased slightly.
This increase is attributed to the higher order terms in the Perfect Basis Function

set amplifying the noise that is present in the sensor data of the real parts.

4.3.2 Translation and Rotation out of the Plane
When the rectangular flat part is grasped on a web perpendicular to the part
plane, it is no longer constrained to move only in the plane perpendicular to the

camera normal, as shown in Figure 4-7.

Figure 4-7: Out-of-plane test part
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Determining the relationship between part perturbation and sensor values for a
part where the grip surface is not parallel to the sensed plane is more involved

than the case previously discussed.

A better way to model the system is to employ the spatial descriptions and
transformations used in robotics theory [31]). Here, coordinate systems are
attached to the components of the system and the transformations between the
different coordinate systems established. The intersections of the laser planes and

the part edges in the camera coordinate system then can be determined.

In this approach, the geometric relationship of the edge, the part, the laser plane,
the camera, and the part perturbation are described in terms of transformation
matrices [31]. The position and orientation of a body is described by a frame that
consists of a cartesian coordinate system attached to the body and a position
vector that locates the origin of the coordinate system relative to some other
embedding frame. The translation from one frame to another involves a
translation and a rotation that can be cast into the form of a 4x4 matrix called a

homogeneous transformation:

Ca-Cﬂ ca'sp‘sr-sa'cr Ca-sp.cy.*.sa.sr X
$,°Cq Sy S-S, +C,-C, S,-S3:C,~C,-S, Y
Hmat(X.Y,Z,a,B,7)=| * B Ja'dp Iy TCa'Cy Sq Sg:C —CqS, 2|

where
¢, =cos(@), cz=cos(B), c, =cos(y)

s; =sin(@), sz =sin(f), s, =sin(y).
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The general sensor/part model geometry is illustrated in Figure 4-8 with the part
in its unperturbed home position, and in Figure 4-9 with a perturbed part.

Frames are denoted as {frame} and homogeneous transformations are shown as

from _ frame T

to _ frame

Y [Part}={Home)

Figure 4-8: The general 6-DOF sensor/part model (unperturbed part)
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Figure 4-9: The general 6-DOF sensor/part model (perturbed part)

To determine the basis functions, the part edge is described by a parametric
equation and transferred into the sensor (camera) frame. The laser plane is
represented as a row vector [82] and also translated into the sensor frame. The
line equation then is solved for the parameter for which the edge intersects the
laser plane. Transferring this point into the camera pixel space generates the

analytical equations.

The model for a part moving in Y, Z and 6y is developed below. Only the model

for a sensor point on a “horizontal” edge of the part is shown.
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Transformation {Home:} to {Part}

The transformation from the {Home} to the {Part} frame corresponds to the part
perturbation or part-ir-hand error. Since the gripper constrains the part to three
degrees of freedom, the perturbation variables are Y, Z, and 8 (or more

specifically 8y). The homogeneous transformation is then

1 0 0
Home 0 cos(®) -sin(®)
Pt =10 sin(@)  cos(®)
0 0 0

- N~ ©

Transformation {Part} to {Edge}

In the {Part} frame, the {Edge} frame can be conveniently defined such that its
origin is the point where the laser line intersects the part edge on the
unperturbed part (refer to Figure 4-8). The transformation is then simply an
offset of r, in the x-direction, and an offset of h in the y-direction as seen in

Figure 4-10.
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Figure 4-10: Rectangular test part with two laser lines shown

The transformation becomes

1 0 0 r,

01 0 &
Pan=
E““T001o

000 1

[ransformation {Sen} to {Home}

The {Sen} frame is attached to the camera and is defined such that its origin is
directly above the origin of the {Home} frame (refer to Figure 4-8). The

transformation is then just a vertical offset sh from the {Part} frame:

1 00 O
N 010 0
T = X

Home™ =10 0 1 sh

000 1
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Transformation {Sen} to {Edge0}

The transformation from the camera frame to the unperturbed edge frame is a

concatenation of the two previous transformations,

SenT_ Senrp Part
Edge0* — Home® Edge* *

Transformation {Sen} to {Las}

Since it is inconsequential where the origin of the {Las} frame is, as long as it is
on the laser plane, it is conveniently defined to be at the intersection of the laser
plane and the unperturbed edge. Thus, the {Las} frame is coincident with the
{Edge0} frame except for the laser plane inclination angle . The transformation

is thus

cos(f) 0 sin(f) o 0T01,4]

Senp 0 1 0 Ed::gT[zs4]

las -sin(B) 0 cos(B) g eT13,4] )
0o 0 0 1
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Representation of the Edge
The edge is a straight line in space and can be defined by two points on the line.

Two points u and v on the edge are chosen. Their homogeneous representation

in the {Edge} frame is:

_ 0
ug = 0
1
and
1
_0
vE-O.
1

With the transformations developed above, the two points can be expressed in

the sensor frame:

—. SenrpHom Part
Us= tom Part" Edge u

and

— SenpHom, Purt
Vs= tom Part" Edge V.
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Representation of the Laser Plane

The laser plane in the {Laser} frame is simply a plane that has its normal along

the x-axis of the {Laser} frame,
L =[1 0 0 0]
In the {Sen} frame, the laser plane is

Ly =L, - INV(ET).

Intersection of Edge and Laser Plane

The edge and the laser line intersect when the following condition holds:
Lofus +1t(vy —ug)}=0.

When this equation is solved for t, the location of the sensed point in sensor

space is

X,

Sen
}fm
Z

Sen

=ug +1(vs —ug).

ansfo ion to Camera Pixel Spa

The location of the sensed point then is converted to camera pixel space,
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x= Koo -Scale
ZSen

y= (EZ:J'Scale.

The equations for the vertical edges are generated in a similar manner. After the

equations that describe the locations of the laser line end in camera space as a
function of part perturbation in robot space are developed, the basis function
terms can be extracted from the equations. While the model developed above is
for a part moving in Y, Z and 6y, the model for a part moving in X, Z, and 6,
yields the same basis functions (except for the change in perturbation variables)
and hence does not need to be treated separately. Table 4-7 shows the Perfect

Basis Functions for the out-of-plane moving plate.



Table 4-7: "Perfect” Basis Functions for the out-of-plane moving plate.

1

1

y, sin(@)+ Z + sh

-y, sin(@)+ Z + sh
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sin(©®)

sin(©®)

Y, 8in(®) + Z + sh

-y, sin(@)+ Z + sh

cos(©)

cos(©)

y,sin(@) + Z + sh

-y, sin(®@)+ Z + sh

Y

Y

Y, sin(@)+ Z + sh

-y, sin(®@)+ Z + sh

Z

Z

Y, sin(@)+ Z + sh

-y, sin(@)+ Z + sh

sin(®)
cos(B)sin(@)(~Y + y,) + cos(B) cos(O)(Z + sh) + shsin()sin(O)

cos(©)
cos(B)sin(@)(~Y +y,) + cos(B) cos(@)(Z + sh) + shsin(B)sin(O)

Ysin(®)
cos(B)sin(@)(-Y +y,) + cos(B) cos(@)(Z + sh) + shsin(B)sin(O)

Zcos(©)
cos(B)sin(@)(~Y +y,) + cos(B) cos(®)(Z + sh) + shsin(B)sin(O)

sin(©)
cos(B)sin(@)(~Y — y,) + cos(B)cos(O)Z + sh) + shsin(3)sin(©)

cos(©)
cos(B)sin(@)(—Y — y,) + cos(B)cos(®)Z + sh) + shsin(B)sin(O)

Ysin(©)
cos(B)sin(@)(—Y — y,) + cos(B) cos(@)(Z + sh) + shsin(B)sin(O)

Zcos(©)
cos(B)sin(@)(~Y — y,) + cos(B)cos(O) Z + sh) + shsin()sin(O®)

Where:
Y, Z, © isthe part perturbation,

Y, is distance between laser line and x-axis,

Sh is the distance between camera and part in the home position, and

ﬁ is the angle between the laser plane and the part in the home position.
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Unfortunately, these Perfect Basis Functions contain part-specific information so
that they are truly applicable only to the simulated part. However, the simulated
part can be used as a “best case” test. The performance of these basis functions
compared to the Quadratic Basis Functions for this part will show the highest
possible performance improvement for the simulated rectangular part moving

out of the plane. The results are shown in Table 4-8.

Table 4-8: Part-in-hand error [mm] transferred to the part extreme for the simulated
rectangular part moving out of the plane with noise added.

a8
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6uadratic BF Perfect BF

Average Error 0.002115 0.002113
Std. Deviation 0.089990 0.090017
Max. Error 0.220856 0.220815

The expected significant difference between the two sets of basis functions for the
part moving out of the plane did not materialize. This result surprisingly
suggests that the Quadratic Basis Functions adequately represent the complex

terms in Table 4-7. To investigate this, it is desirable to break down the Perfect
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Basis Functions terms into smaller terms than can be compared to the Quadratic

Basis Functions.

By factoring the basis function terms so that parts of them can be cast into the
form of the binomial series:

A et for lel<1,
l+¢

and using a small-angle approximation for the trigonometric terms, the terms in
Table 4-7 can expanded and sorted into their elementary terms. Table 4-9 shows
the second- and third-order terms of the expansions of the basis function

members and how they compare to the Quadratic Basis Function (QBF) set.
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Table 4-9: Comparison of the terms of the Taylor series expansion of the terms in Table
4-7 to the Quadratic Basis Function terms (QBF).

BF
T(ezrms Basis Function Term
1 2 3 4 5 6 7 8
1 1 1
Y ) 4
yA Z Z Z Z
© © (0] ® S
Y? Y2
YZ YZ
YO YO )(C) Yo
zz Z2 Z2 Z2 Z2
Z0 Z0 ZO ZO Z0 Z0 Z0
e? o’ e?
Yz2
YZO YZ0 | YZO
Y®? yo? | re?
A VA
Z°0 | Z°e Z2*0 | 70 7’0
70’ Ze? Ze? Ze? 7Z0?
e’ e’ o’

Table 4-9 illustrates how well the rather complex basis function terms of Table
4-7 are approximated by the simple terms of the Quadratic Basis Function set in
Table 4-1. Only eight terms are shown, since the remaining terms break down
identical to the ones shown. All first- and second-order terms in columns 2

through 9 of Table 4-9 are covered by the Quadratic Basis Function set. The third
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order terms shown in the table contribute only minimally as their coefficients are

very small in the Taylor Series expansions.

While the very limited performance improvement could be seen as
disappointing, the real value of this discovery is the acquired certainty that the
Quadratic Basis Function set is a great choice for a general application of Direct
Calibration. The next chapter examines whether the Quadratic Basis Function set

can be improved upon.
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CHAPTER & VARIATIONS OF THE QUADRATIC BASIS
FUNCTION SET

After the validity of the Quadratic Basis Function set was demonstrated in the
previous chapter, this chapter investigates potential performance improvements
from modifying the QBF set. Adding more terms to the set has the potential for
performance improvement, while reducing the number of terms in the set may
make the method more efficient and also may aid in understanding the

underlying relationship between basis functions and process performance.

5.1 Cubic Basis Functions

In the previous analysis into the elementary terms of the Perfect Basis Function
sets for both the in-plane and out-of-plane cases, the Quadratic Basis Functions
(QBF) approximated the Perfect Basis Function (PBF) sets well since the QBF
terms correspond to the lowest order terms of the PBF sets. The use of the QBF
sets also resulted in performance comparable to that of the PBF sets in
simulation. As can be seen from the breakdown into elementary terms in the
previous chapter, the PBF sets can be matched even closer by a Cubic Basis
Function (CBF) set that includes the QBF set but adds third-order combinations

of the perturbation variables as shown in Table 5-1.
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Table 5-1: The CBF set

The effect of including the third-order terms is evaluated first in simulation for
the part that is constrained to the plane (in-plane or IP case) and the part moving
out of the plane (out-of-plane or OOP). Then, the effect on real production parts is

investigated.

5.1.1 Simulated Part

The QBF and CBF sets are compared on both the simulated in-plane moving (IP)
part and the out-of-plane (OOP) moving part. To investigate the effect of noise in
the data on the performance difference between the two different basis function
sets, three levels of added noise are used. The change in performance is
analyzed in terms of mean error and maximum error. Of interest is especially
whether the change in performance is dependent on the level of noise in the data.
It had previously been supposed [87] that the effect on process performance of
noise in the data is greater for the CBF method than for the QBF method. Table

5-2 shows the test results.
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Table 5-2: Change in CBF process error when compared to QBF for the IP and OOP
parts at three levels of noise

Noise Level
Low Med. High
IP mean error +8% +5% +7%
IP max. error +3% +2% +7%
OOP mean error +5% +5% +7%
OOP max. error +11% +11% +12%

For both the IP part and the OOP part, the performance degrades for all three
levels of noise. Both the mean error and the maximum error increase while the
change in error between QBF and CBF is not found to depend greatly on the

noise level.

The results in Table 5-2 suggest that in general, both the QBF and CBF methods
are robust to noisy data. Regarding the notion mentioned above that the CBF set
might be more sensitive to noisy data, the rather uniform degradation of
performance between QBF and CBF for different levels of noise shows that this is
not the case. The poor performance of the CBF method are obviously due to

other causes.

To further investigate the cause of the performance degradation, the process by
which the mapping is learned is examined. The training error is the difference

between the true sensor reading and the sensor reading calculated by running



71

the true location through the learned mapping. It is a measure of how well the
mapping fits the training data. The training error of all 125 calibration points is
analyzed separately for each of the sensors for a part. Thus, eight distinct error
distributions are compared for each case. Table 5-3 shows the results of these
comparisons qualitatively. The OOP part has twice as many sensor data points
since its laser line end points move along the direction of the part edge as well as

normal to it.

Table 5-3: Change in CBF training error compared to QBF for the IP and OOP parts at
three levels of noise (Notation: + increase, - decrease)

Sensor Number
1 2 3 4 5 6 7 8
IP mean error - - - - - - - -
IP max. error + - - - - + + +
OOPmeanerror | - [ -|-|-|-1+}-[+)-|-Y-|-0-|-0"-1|-
OOPmax.error [+ |-|-|-}|-|+]+|+-|+|+]+}]-1-}-]-

For the maximum error, about half of the sensors show an increase with the other
half showing a decrease, regardless of which basis function set is used for both IP
and OOP parts. It is interesting to note that the distribution of sensors that show

a similar change does not correspond to their geometric distribution on the parts.

The average error shows a decrease for all sensors on the IP part and for 88% of

the sensors on the OOP part. Increasing the level of noise does not change this
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behavior since noisy data is no harder to learn than exact data. So overall, Table
5-3 shows a trend of improved training for the CBF method, suggesting that the
training data fit the CBF mapping well. Since the overall error increased, but the
training error decreased, the source of the poor performance must be a poor fit of
the mapping to the evaluation data, which falls on the model between the
training data. In an analogy to curve fitting, a higher order curve is more likely
to fit the data points accurately, but may exhibit many maxima and minima
between points that do not correspond to the nature of the data. A likely
scenario is thus that more training data points are needed to properly “tie down”
the more flexible higher-order CBF model. To test this theory, Table 5-4 shows a
comparison of performance resulting from four different training data sets with
medium noise on the IP part, while Table 5-5 shows the same comparison using a
high noise level. Table 5-6 and Table 5-7 show the corresponding results for the

OOP part.

Table 5-4: Change in CBF process error compared to QBF for the IP part with a medium
noise level

Training Data Size Change in Mean Error Change in Max. Error
125 +12% +12%
343 -1% +1%
729 +3% +3%
2197 2% -1%
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Table 5-5: Change in CBF process error compared to QBF for the IP part with a high

noise level

Training Data Size Change in Mean Error Change in Max. Error
125 +8% +11%
343 2% +1%
729 +3% +3%
2197 2% -1%

Table 5-6: Change in CBF process error compared to QBF for the OOP part with a

medium noise level

Training Data Size Change in Mean Error Change in Max. Error
125 +5% +11%
343 -2% +6%
729 +1% +1%
2197 -27% -1%

Table 5-7: Change in CBF process error compared to QBF for the OOP part with a high

noise level

Training Data Size Change in Mean Error Change in Max. Error
125 +7% +12%
343 2% +5%
729 +1% +1%
2197 -23% -1%
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The four tables show that increasing the training data set size does indeed close
the margin between the two methods, but that a training set of 13 x 13 x 13 points

is required before the CBF set exhibits superior performance.

The peculiar increase in error between the 343-point set and the 729-point set that
is seen in some of the cases above is due to the fact that the smaller set is not a
subset of the larger set. The set with 729 (9 x 9 x 9) points does not include any of
the points in the 343 (7 x 7 x 7) set other than the midpoint and endpoints. The
increase in error thus means that the smaller set contains points that have more
crucial information about the true mapping. As a check, the 2197-point set is a
superset of the 343-point set, and the 729-point set is a superset of the 125-point
set. In both cases, going from the subset to the superset, the performance

improves for all instances.

This performance improvement over the QBF method is substantial in the mean
of the error in the OOP case when the largest calibration set is used, while the
maximum error did not change appreciably. Depending on the nature of the
production process that the Direct Calibration method is used in, mean error or
maximum error can be the critical metric. In a tray-filling operation, an extreme
outlier may result in an empty tray pocket, while a higher average error would
cause a low tray fill rate, resulting in decreased cycle time. In an assembly
process, however, an outlier may cause a failed assembly attempt with resulting
fatal damage to the whole assembly. The usefulness of the CBF over QBF thus

depends on the nature of the process. Another potential deciding factor is the
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time and effort required to collect a training data set that is almost 20 times as

large as the one currently in use.

5.1.2 Production Parts

Most of the printer parts used in the tray loader cell were calibrated using 81-
point calibration sets. Since Park’s [81] investigation into calibration set size, a
125-point set has been used. In this research, it was found that an 81-point set is
too small to train a Cubic Basis Function set. The resulting performance is worse
by several orders of magnitude compared to the quadratic set. For this
investigation, the calibration sets with 125 and 729 points were compared since
they were available from Park’s research. Larger sets could not be generated
since at the time of writing the experimental setup was no longer available. The

results for three different printer parts are shown in Table 5-8 through Table 5-10.

Table 5-8: Change in CBF process error compared to QBF for printer part A

Training Data Size Change in Mean Error Change in Max. Error

125 +11.3% +18%

729 +11.0% +6%
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Table 5-9: Change in CBF process error compared to QBF for printer part B

Training Data Size

Change in Mean Error

Change in Max. Error

125

-0.05%

+0.7%

729

-0.1%

-3%

Table 5-10: Change in CBF process error compared to QBF for printer part C

Training Data Size

Change in Mean Error

Change in Max. Error

125

+2%

+55%

729

-1%

+35%

The data available confirms that, as in simulation, larger calibration sets are
required for the CBF set. The 81-point calibration sets resulted in completely
unacceptable performance, while for the 125-point sets, the CBF performance is
getting closer to the QBF performance. Increasing the calibration set size to 729
points improves performance even more. However, the three cases above show
that different parts require calibration sets of different size before the CBF
method shows an improvement in performance. For Part A, even when using a
729-point calibration set, the QBF method shows substantially better
performance than the CBF method. Part B shows virtually identical performance
using either method, even with the 125-point set. Increasing the size of the

calibration set results in a greater benefit of using the CBF set. The results for
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Part C suggest that a much larger calibration set is required to make the CBF set
work as well as the QBF method.

In summary, while a Cubic Basis Function set has the potential for a small
performance improvement, the cost is just too great for the general application of
the Direct Calibration method. To realize any improvement in performance,
huge calibration sets are required. In certain situations, where maximum
performance is required and the cost of acquiring large calibration sets is not an
issue, this may be worthwhile. However, it must be realized that changes to the
layout or the configuration of the cell, intended or unintended, require taking

new calibration sets.

5.2 Reducing the Size of the Quadratic Basis Function Set

Since the broad applicability of the Quadratic Basis Function set has now been
demonstrated, it is interesting to investigate if this set can be at all reduced
without sacrificing performance. In other words, are all of the terms of the set

significant or can certain terms be left out?

Each term of the set is removed in turn, and the performance of the system
evaluated. Table 5-11 shows the results for the simulated OOP part and three

real production parts used in the tray loader cell.
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Table 5-11: Percent change in error when one term at a time is left out of the Quadratic
Basis Function Set. Improvements due to leaving out a certain terms are shaded.

Simulated Part | Printer Part A Printer Part B Printer Part C
e | Agemge | Max Eror | Avemge [ Mo Eror [ Avesge [ eror [ averge o e
Change Change Change Change
Y > +100% | > +100% | Crashed | Crashed }> +100% |> +100% | > +100% | > +100%
V4 > +100% | > +100% |> +100% | > +100% | > +100% | > +100% | Crashed | Crashed
© > +100% | > +100% {> +100% | > +100% | > +100% | > +100% wzﬂ;’%«% > +100%
YY | +84% | +1% | +26% | +1% | +10% | +1% | +7% [Siysess
YZ +1% +1% | Crashed | Crashed
YO | +27% [ilosialicoss 30%
ZZ +11% +6% | Crashed | Crashed
zo pER +16% | +1%
©06 +39%  fat '.::. Crashed | Crashed +8%
1 &'-‘,—13‘ %| +6% | Crashed | Crashed | +56%

If any of the rows in Table 5-11 showed an error reduction (indicated by shading)
for all elements in that row, there would be hope that the basis function
corresponding to the row could be omitted from the QBF set for all parts. But
since each row showing an error reduction also shows a sizeable error increase
elsewhere, it is clear that none of the terms can be left out of the Quadratic Basis
Function set without penalty. While leaving out a term of the set can bring
worthwhile performance improvements for one part, Table 5-11 shows that other
parts rely heavily on that same basis function term. If a certain assembly

operation required the highest possible accuracy, an analysis similar to the one
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above could be performed and the basis function set be tailored to this one part.
Note that generating this custom set would not require any special knowledge

about the part such as a CAD model.
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CHAPTER 6: FUTURE WORK

This chapter describes possible topics for future research based on the work

presented.

6.1 Hardware Improvements

This dissertation presents research into improving the performance of the Direct
Calibration method through better basis functions. The limits to performance of
a general application of the Direct Calibration technique have now been
established, which leaves the possible improvement of process performance
through updated hardware. The experiments in the tray loader cell were
performed with a robot designed for high payloads, which sacrifices accuracy. A
smaller, more accurate robot would have a much higher repeatability, resulting
in lower process error. The improvements possible through the use of a higher
resolution camera to minimize vision errors in the final sensing stage should also

be investigated.

6.2 Cubic Basis Functions for Real Parts
The performance potential of the CBF set has been sufficiently explored only in
simulation. Since the largest available calibration data sets for real parts were

only 9 x 9 x 9 points, the point where a performance improvement due to the
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CBF set could be realized was not reached. Larger calibration sets should be

explored in future work.

6.3 Constructing an Optimal Part-Specific Set

The experiments described in Section 5.2 illustrate that eliminating a certain basis
function from the QBF set can be beneficial for one part, but detrimental for
another part. This suggests that, if general application of the BF set is not
important, a significant performance improvement can be achieved by tailoring

the set to a specific part.

Finding this optimal set is straightforward in theory. For each combination of
basis functions, train the Direct Calibration system with the training data set then
evaluate the performance with the evaluation data set of 500 random points. The
combination with the lowest error will be selected as the Optimal Basis Function

set for this part.

However, the number of runs necessary makes this brute force approach
infeasible. The CBF set comprises 20 basis function terms. Evaluating all
combinations of these would require 2%° (or more than one million) runs. A
method that finds the best set, but only requires a feasible number of runs, is
required. Such an approach is presented in the following subsection. The
method is not implemented, but enough detail is provided so that future

implementation would require only minimal study of statistics theory.
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6.3.1 Designing the Experiment

The approach presented here uses techniques from experimental design and
statistics [59, 73, 85]. In the language of experimental design, the problem of
finding the Optimal Basis Function set for one part is an experiment with the
goal of finding the statistical significance of a number of factors. The factors are
the 20 terms of the CBF set, each having two levels, 1 (include term in set) and 0
(omit term from set). Finding a factor to be significant coﬁfirms that changing
the level of this factor produces a change in the measured quantity. An
experiment in which the significance of more than one factor is studied is called a
factorial experiment. In a full factorial experiment, n experimental units (or n
replicates) are tested at each factor combination, for all combinations of the factor
levels. When a full factorial experiment requires too many runs, as in this case, a
fractional factorial experiment can be performed by evaluating only a carefully
prescribed subset of all possible factor combinations. The careful choice of
combinations allows an analysis of the sensitivity of the process performance to
each factor with a greatly reduced number of runs. The tradeoff is that some
information is lost when less than a full factorial experiment is performed. A
fractional factorial confounds some effects with others, meaning that an observed
effect can no longer be attributed to one factor alone. Fewer runs lead to more
confounding of effects. Selecting the size of the experiment and which effects to
confound is the “art” in designing the experiment. As a general rule, fractional

factorial experiments must always be followed by a confirmation experiment
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(usually of smaller size than the fractional factorial) to confirm the findings in a

full factorial experiment.

A fractional factorial experiment attempts to estimate not only the effects of the
factors, but also the effects of their interactions. In the basis function problem, it
is possible that the importance of including a certain term changes based on
whether another term is included in the set or not. The effect of interactions
needs to be accounted for in a fractional factorial unless a priori process
knowledge indicates that there are no significant interactions between factors. In
the case of the basis function problem, no such knowledge exists, so effects from

factor interactions should not be confounded with main factor effects.

How much confounding is taking place is defined by the resolution of the

experiment.

Resolution III designs confound main effects with two-way interaction effects.
For example, in a Resolution III experiment, a high significance of factor A
cannot be distinguished from a high significance of the interaction between
factors B and C. It is obvious that this type of design is only useful if there is
enough process knowledge to eliminate the possibility of interactions being

significant.

Resolution IV designs do not allow the confounding of main effects with two-
way interactions, but do permit the confounding of main effects with three-way

interactions and two-way interactions with other two-way interactions.
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Resolution V designs do not allow the main effects to be confounded with two-
or three-way interactions, nor do they permit any two-way interaction effect to
be confounded with any other two-way interaction. Main effects are confounded
with four-way interaction, and two-way interactions are confounded with three-

way interaction.

Clearly, a Resolution III design will not be sufficient for the basis function
problem, since there is no process knowledge that allows ruling out two-way
interactions as being important. While a Resolution V design would be
desirable, the large number of factors would require too many runs. A
Resolution IV design does allow the confounding of main effects with three-way
interactions, but it is generally assumed [59] that three-way or higher
interactions, even when significant, are not likely to be important (i.e., explain a

great deal of variability). A Resolution IV design is thus chosen.

Fractional factorial designs often take the shape of orthogonal arrays [85]. In an
orthogonal array, each row represents one experimental run, while the columns
correspond to the factors. The cells of the array then show the levels of all factors
for each run. The size of the array is determined by the number of factors in the

experiment and the desired resolution of the design.

As an example, consider an experiment to study eight factors at two levels each.
A Resolution IV fractional factorial is desired so that no main effects are
confounded with any interaction effects. From a set of widely published designs

[85], the L,; orthogonal array is chosen. The number 16 indicates that sixteen
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runs will have to be performed in this experiment. Together with each
orthogonal array, an interaction table is generally published, that in this case
permits the choice of columns for the factors such that there is no confounding
between main effects and interaction effects. The resulting design is illustrated
in Table 6-1. Note that the two-way interactions shown in the last row do not fall

on any main effect columns.
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Table 6-1: A Resolution IV fractional factorial design using a n L,; orthogonal array for 8
factors at 2 levels each

Factor ]
Run Al|B C F|E G H|D

1 1111|1111 (11|11 f1)(1]1
2 1j1(1|1)j1(1}1j]0}0|0jO0fOfO(O0]O
3 ij1/1j0{0(0j0|1|J1f{1(1|/0|0]O0]O
4 ij1(1j0|(0f0jOjO0jO|jO|O|1]|1]1]1
5 1j0(0|1j1f0)j0]1}|1|O0fO0Of1|1]0]O
6 1j0|j0}j1]11j010|0fO|1]1]0f(O0(|1]1
7 1j0{0jo0ojof1j1j1j1f{o|lojo0o|0]1}1
8 i{o0jo0f(o0foj1j1{ofoj1{1y1({1]0¢{0
9 oj10j1y0j1(0(1fo|j1j0|110|1|0
10 of1j0j1|j0j1{0|O0Of{1]J0|1]0]|1f0{1
11 o(f1|j0fo0j1j0f1(110}1}]0]011]|0]|1
12 oj1fo0joj1f0f1j0}j1(0|1|1]0|1]0O0
13 o(jofr1{1y0(0f1{1j]0|O0O{1f{1|0}|0¢}1
14 ojfof1jrj0(0f1}j031|1j0|0]1(1]0
15 o(fojrjo0(1j1fo0f1fojoj|1}j0|1]1}0
16 ojof1j0j1)1fo0oj0f1}j1j0|1}0|0]|1
HD GD | GH FD | FH FG FE

Conducting the experiment as prescribed in the orthogonal array of Table 6-1
results in estimates of the main effects and estimates of seven effects that

confound four two-way interactions each. Prior process knowledge indicated
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that two-way interactions are not important in this problem, so that only the

main effects are of interest.

In the basis function problem, there are twenty factors, namely the terms of the
Cubic Basis Function set (see Table 5-1). There is no process knowledge that
eliminates the possibility of important interaction effects between factors, but
knowledge of the geometric relationships between movement of the laser lines
on the part and part perturbation reveals that the three perturbation variables
definitely need to be included in an optimal set. When the part is perturbed in
one degree of freedom only, it is easy to see that the resulting motion of the
sensor value depends directly on the perturbation variable of that degree of
freedom. Also, a constant offset term is definitely needed in the basis function
set to account for constants in the geometric equations. Thus, by removing the
perturbation variable terms and the constant offset term from the factors of the
experiment, the number of factors is now reduced to sixteen. A Resolution IV
design with sixteen factors at two levels each can be constructed from an L,,
orthogonal array as shown in Appendix A. Using the corresponding interaction
table [85], the design for the basis function experiment is developed from the L;,
array such that the main effects are not confounded with any 2-way interactions.
Analogous to the example in Table 6-1, sixteen columns are used for the factors,
and fifteen columns describe confounded interaction effects. Table 6-2 illustrates
which basis functions to include for each run, the first run includes all basis

functions, the second run omits the second half of the basis functions, etc. The
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last row of the table shows which interaction effects are confounded and which

columns these groups are associated with.
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Table 6-2: Drthogonal array design for the basis function problem
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6.3.2 Analysis

Which factors are significant is determined in an analysis of variance (ANOVA).
An ANOVA tests the hypothesis that several population means are the same
based on a sample from each population. Each sample is replicated a number of
times as mentioned above, so that the experimental error can be characterized.
This estimate of experimental error becomes a basic unit of measurement for
determining whether observed differences in the data are really statistically
different. In other words, the analysis of variance answers the question “Is the
observed difference due to chance or an actual difference in the population

means?”’

A statistical software package is generally used to perform the ANOVA [59, 73],
therefore the computations that make up the analysis of variance are not

discussed here.

6.3.3 Procedure

To be able to characterize the experimental error, the experiments need to be
replicated. Thus, several sets of calibration and evaluation data need to be
generated in the workcell. A very large calibration set should be chosen to
ensure that the CBF model is well trained. The number of replicates n should be
at least three, but if the expense of performing these runs is low, more runs can
be performed to enhance statistical accuracy. Selecting the factor levels for each

run from the orthogonal array of Table 6-2 and replicating each run n times, the
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resulting error statistics are generated and recorded. The metric that constitutes
the observation and quantifies the effect of the factors needs to be chosen
depending on the process. Average evaluation error, maximum evaluation error

or a combination of the two could be selected.

The observations, along with the factors and levels, then are read into the
statistical software package and the ANOVA is performed. The result of this
procedure is a table that indicates which factors are statistically significant and
which factors are important, which is the case if more than 5% of variance is
explained by the factor in question. First, attention should be given to the

significance and importance of the interaction effects.

If none of the confounded blocks of interaction effects are significant and
important, the confirmation experiment, which is performed next, consists of a
full factorial including only the factors that were found to be significant and
important in the screening experiment. The ANOVA table of this confirmation
experiment and a table of observations can be used to select the combination of
basis functions which results in the lowest evaluation error. This combination

represents the Optimal Basis Function set for this part.

If some of the confounded blocks of interaction effects turn out to be significant
and important in the screening experiment, the confirmation experiment
includes the factors that were found to be significant and important, plus those
factors that are part of significant and important interaction effects. Should the

resulting number of runs required for the full factorial be prohibitive, another
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fractional factorial can be performed to determine which of the interaction effects
that are part of a confounded block are actually significant and important. A full

factorial confirmation experiment would again follow.

The outlined procedure produces an Optimal Basis Function set for one
particular part in one particular process and maximizes the performance of the
Direct Calibration method for this part only. Unlike the development of Perfect
Basis Functions for the simulated parts in Chapter 4, no model of the part is

required for this emperical procedure.
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CHAPTER 7: SUMMARY AND CONCLUSIONS

71 Summary

Flexible Automation enables manufacturers to get their products to market
quickly and in high volume. Frequently, in the design of the flexible automation
workcell, part feeding is the bottleneck when getting the part into a known
position and orientation becomes the biggest challenge. Chapter 2 illustrates
different approaches for either preserving, enforcing, or sensing the part location
in flexible feeders. It also introduces the concept of grasp error and illustrates
that the most flexible method of dealing with this part-in-hand error is to
measure it. When the part-in-hand error is known, it can be accommodated by
modifying the robot path to cancel out the error so that expensive reorienting of
the part is not required. The Direct Calibration approach is based on this idea,
but also introduces an elegant technique for calibrating the robot, the sensors,
and the parts to be handled in a single procedure. The described research
analyzes the significance of the basis functions used in the process mapping that
is at the heart of the Direct Calibration technique. The questions posed in

Chapter 1 can now be answered:

* Can the Direct Calibration performance be improved by a better choice of
basis functions?

The performance can be improved, but not without a loss of general
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applicability of the method. Significant improvements are seen when the

basis function set is optimized for a specific part.

How can the Perfect Basis Functions for certain classes of parts be found
in simulation?

When the geometric relationship between part perturbation in robot space
and sensor values in pixel space can be accurately modeled, the Perfect

Basis Functions can be extracted from the equations.

How do these Perfect Basis Functions differ from the basis functions in
use in the Direct Calibration workcell?
When the Perfect Basis Functions are broken down into their elementary

terms, these terms can be compared to the Quadratic Basis Function terms.

Which set of basis functions should be used for a general application of
the Direct Calibration technique?

For a general application of the Direct Calibration technique the Quadratic
Basis Function set provides wide applicability and very good

performance.

If a general applicability of the Direct Calibration technique is not
important, how can the performance for a specific part be optimized
without requiring a model of the part?

An empirical technique has been presented which employs methods from
experimental design and statistics to select the Optimal Basis Functions for

a certain part.
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7.2 Recommended Practices

For the Direct Calibration user who is more concerned about performance than
about gaining insight into the process, some straightforward recommendations

can be made.

For a general application of Direct Calibration, continue to use the Quadratic
Basis Function set with a 125-point calibration data set. The results from
Chapters 4 and 5 show that a set of basis functions is not likely to be found that

results in appreciably better performance for all parts.

If, however, the system does not have to accommodate more than one part, and
the added cost of maximizing performance is justified, the procedure described
in Section 6.3 should be followed. In this case, a very large set of calibration data
would be acquired, and methods from design of experiments and statistics
would be used to select from the Cubic Basis Function set the combination of

terms that results in best performance for the part in question.

7.3 Key Contributions
The key contributions of this research are summarized as follows:
* The limits to performance improvement of the Direct Calibration

technique due to changes in basis functions for certain classes of parts has

been established in simulation.
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A set of basis functions for the general application of Direct Calibration

has been recommended.

Perfect Basis Functions have been developed for the most common classes
of parts. These Perfect Basis Functions were broken down into their
elemental terms and were compared to the basis function set that was

found to be best for a general application of Direct Calibration.

The performance potential of the Cubic Basis Function set has been

evaluated in simulation.

A technique for finding the optimal part-specific basis functions, without
the need for a CAD model of the part, has been presented but not

implemented.
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