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Efficient and accurate robotic interactions with flexible structures are critical for many man-
ufacturing processes where the elasticity of the workpiece and the robot must be accounted
for. In particular, for clamping and drilling flexible structures, maintaining tool-workpiece
normality and limiting shear forces are essential. The main contributions of this thesis are
to show: Firstly, that data acquired during a robotic clamping operation can be learned
and used to speed up the process for similar operations. Utilizing the learned parameters,
a map between the measured forces and robot joint positions is used to develop time-based
robot-joint (velocity) trajectories to achieve a specified robot-workpiece interaction. Experi-
mental results show that the operating speed can be increased while maintaining interaction
forces and torques within acceptable levels. Secondly, with a minimum number of learned
measurement locations controlled interactions such as clamping operations can be efficiently
predicted at unmeasured locations. Gaussian Process Regression methods are presented as
a suitable means to predict interactions, ultimately resulting in increased interaction speeds
at workpiece locations where controlled-interactions have not been conducted. Additionally,

to minimize the number of measurement locations, a method is developed using existing



interaction data to optimize measurement location selection by minimizing prediction uncer-

tainty.
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Chapter 1

INTRODUCTION

1.1 DMotivation

The intent of this work is to improve robotic manufacturing processes where the elasticity of
both the workpiece and the robot must be taken into account. Efficient and accurate robotic
interactions with elastic structures are critical for modern manufacturing processes. For many
types of robot-workpiece elastic interactions such as clamping and drilling aircraft structures,
maintaining normality and limiting shear forces are essential to perform the process within
acceptable tolerances [4, 5]. An example of such a structure is shown in Fig. 1.1. Out of
tolerance conditions can arise as stiffness varies with location on the workpiece or by altering
process parameters such as interaction speeds or applied forces. In many manufacturing
processes, robots are typically limited to preprogrammed actions. In cases where the robot
must interact with a structure of unknown elasticity, fixed programming limits accuracy and
repeatability. These preprogrammed interactions lack the ability to accommodate variation
in structural stiffness resulting in errors and inefficiency. Characterizing robotic interactions
with flexible structures can allow for increased interaction speeds and accommodate process
changes. The ability to perform these interactions more effectively could potentially save
time and increase quality for processes where a large number of similar interactions must

take place.



Robot Elasticity =5
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Figure 1.1: An aircraft drilling operation where the elasticity of both the robot and workpiece
must be taken into account. Photo: WIRED [6]

Current methods applied to industrial robots consider elastic interactions under the as-
sumption that the workpiece is stiff in comparison to the robot and its mounting structure,
as shown in Fig. 1.2. Other works make the opposite assumption, that robot is substantially
stiff in comparison to the flexible workpiece as shown in Fig. 1.3. Under this assumption,
current research focuses on tasks such as grasping, folding and knot tying [7, 8]. Precision
is important but not critical in such non-industrial settings. However, neither of these ap-
proaches address the needs of industrial operations such as robotic clamping and drilling on
large flexible structures, where the elasticity of neither the robot nor the workpiece can be

ignored.



Figure 1.2: Common assumptions made about robot and workpiece relative stiffness. In this
case the workpiece is considered stiff in comparison to the robot. Photo: FANUC [9]

Figure 1.3: Common assumptions made about robot and workpiece relative stiffness. In this
case the robot is considered stiff in comparison to the workpiece. Photo: CORO LAB [10]



This work proposes a data-based approach that can take into account the elasticity of
both the workpiece and the robot, without relying on the assumption that the workpiece is
stiff in comparison to the robot or vice versa. Data-based models [11, 12], that learn the
elastic interactions at relatively slow speeds, are then used to speed up similar operations.
Similar approaches to collect data and use it for improved control has been developed in
other machine learning applications, e.g., [13, 14, 15]. In the current application, the original
interaction model obtained using slow interactions can be used to speed up the operation at
the same location on the next workpiece. Moreover, data acquired using slow interactions at
a few points on the workpiece can be used to speed up the operations at intermediate points.

In this work, the proposed data-based approach is applied to a robotic clamping operation
as seen in Fig. 1.4, where both the elasticity of the workpiece (aluminium beam) and robot
(Kinova MICO) must be taken into account. The clamping operation requires that the robot
gradually apply a force normal to the workpiece until a target force is reached. The goal
is to maintain normality with the workpiece and to keep the shear force within prescribed

levels throughout the interaction as the robot and workpiece experience deflections.

Initial Pose Final Pose

Figure 1.4: Experimental setup with elastic robot and elastic beam in contact: (A) Kinova
MICO robotic arm, (B) tool contact point and (C) flexible aluminum beam. The robot is
shown in the image on the left prior to performing a controlled interaction on the beam and
on the right after the controlled interaction.



1.2 Problem Statement and Research Questions

Problem statement: As stated in Section 1.1, previous works on robot-workpiece interac-
tion often rely on one of two assumptions that depend on the type and use of the robot. In
the case of an industrial robot performing a manufacturing process, an assumption is made

where the workpiece is modeled as having a stiffness much grater than that of the robot.

K., > K, (1.1)

Where K, and K, are the relative stiffness of the workpiece and robot respectively. However
if the assumption made in Eq. 1.1 is not correct and the workpiece flexes under load, accuracy
cannot be maintained. Or, in the case of a robot preforming a task in a non-industrial setting,

the robot is modeled as substantially stiff relative to the workpiece.

K, > K, (1.2)

However if the assumption made in Eq. 1.2 is not correct and the robot flexes under load,
accuracy cannot be maintained. These assumptions can work well, although the challenge
is that in some circumstances neither are appropriate. Such circumstances can be seen in
Fig. 1.1 where the stiffness of the robot dominates the robot-workpiece interaction when
force is applied in the direction normal to surface of the aircraft fuselage where the robot
can easily deform the thin sheet metal skin, while at the same time the stiffness of the work-
piece dominates perpendicular to that direction. Considering these circumstances, how can
efficient and accurate interactions of flexible robots and flexible structures be achieved where

the elasticity of the workpiece and the robot must be accounted for?

Research Questions: The subsequent research questions stem directly from the problem

settlement.



RQ1

RQ2

1.3

At a single location on a workpiece how can an elastic interaction between
the robot and workpiece be learned and reproduced efficiently, when neither

the stiffness of the robot or workpiece are known a priori?

Conventionally the elastic deformations that take place during a robot-workpiece in-
teraction are often compensated through two main approaches used to account for
interaction errors. The first is a model-based approach that takes into account the
known stiffness properties of the robot and then corrects the related error in some
manner [16, 17, 18]. The second is a sensor-based approach that measures the inter-
action with the workpiece and corrects the error by use of an algorithm or control
law [19, 20, 21]. Model-based methods may not adequately capture the combined elas-
ticity for precision operations [22], and sensor-based correction can yield precision, but

could lead to slow operation speeds [23].

How can robot-workpiece interactions at locations where interactions have
not directly been learned, be efficiently predicted from a minimum number

of known measurements?

Even with efficient data-based methods as discussed in RQ1 these methods alone do
not completely address all of the challenges associated with large structures where
many discrete interactions must take place. Learning all of the interaction locations
on a large workpiece such as an aircraft fuselage, where thousands of interactions
take place would be prohibitively slow. However, it would be desirable to apply such
data-based procedures to optimally learn a minimum number of interactions and then
use this information to accurately predict interactions at unmeasured locations where

geometric and mechanical changes may cause additional errors.

Main Contributions

The subsequent main contributions stem from and directly address the research questions in

1.2.



MC1.1

MC1.2

Learn and reproduce controlled interactions at measured locations even

though the stiffness of the workpiece is unknown or hard to model.
This contribution addresses the research question RQ1 and has been published in [1].

This work explores the use of a Controlled-Interaction Algorithm to learn robot-
workpiece elastic interactions. Initially a heuristic based Controlled-Interaction Al-
gorithm is employed and proven to be effective yet not very efficient. In order to
reproduce controlled interactions at increased speeds, a relationship between the robot
joint angles and applied normal force is found from the learned data using a nonpara-
metric locally-weighted regression. Given a desired normal force profile in time, the
data-based approach is used to generate time-based robot-joint (velocity) trajectories.
From the experimental results it can be seen that such data-based approaches work

well for increasing interaction speeds at learned locations on the structure.

Stiffness estimation based Controlled-Interaction Algorithm for control of

robot-workpiece elastic interactions
This contribution addresses the research question RQ1 and has been published in [2].

This work explores the use of a stiffness estimation based Controlled-Interaction Al-
gorithm to learn robot-workpiece elastic interactions that improves upon the methods
used in MC1.1. In manufacturing operations such as clamping and drilling of elastic
structures, tool-workpiece normality must be maintained, and shear forces minimized
to avoid tool or workpiece damage. The challenge is that the combined stiffness of a
robot and workpiece, needed to control the robot-workpiece elastic interactions are of-
ten difficult to model and can vary due to geometry changes of the workpiece caused by
large deformations and associated pose variations of the robot. The main contribution
of this work is an algorithm, (i) to learn the robot-workpiece stiffness relationship us-
ing a model-free data-based approach and (ii) to use it for applying desired forces and

torques on the elastic structure. Moreover, comparative experiments with and without



MC2

the data-based stiffness estimation show that clamping operating speed is increased
by four times when using the stiffness estimation method while interaction forces and

torques are kept within acceptable bounds.

With a minimum number of known measurement locations efficiently pre-

dict controlled interactions at unmeasured locations.

This contribution addresses the research question RQ2 and has been submitted for

publication as a journal article [3].

During manufacturing processes, for instance clamping and drilling elastic structures,
it’s crucial to maintain normality of the tool-workpiece forces for minimizing shear
forces and torques to avoid tool or workpiece damage. The difficulty lies in precision
model-based predictions of the relatively-large deformations as the applied force is
increased, due to the robot-workpiece elastic interactions, which are needed for selecting
the appropriate robot pose that ensures force normality. Therefore, recent works have
used force-displacement measurements at each work location to select the robot pose
for ensuring tool normality — however, such local-estimation-based approach at each
work location can be slow and therefore, time prohibitive. The main contributions of
this work are: (i) to use Gaussian Process Regression (GPR) methods [24] to learn the
robot pose for force normality at unmeasured workpiece locations; and (ii) to use active
learning for optimally selecting and minimizing the number of measurement locations
needed for accurate learning of the robot-pose map with the data enabled approach.
Experimental results show that the number of data points needed with active learning
is 77.8% less than the case with a benchmark Linear Positioning learning for the same
level of model precision. Moreover, the learned robot-pose map enables rapid increase
of the normal force in the presence of elastic interactions at unmeasured locations on
the workpiece, reaching speeds up to eight times faster than the original interaction

speed when the robot is learning the correct pose.



1.4 Research Timeline

A summary of the research timeline is shown in Fig. 1.5

Research Timeline

RQ1: RQ2:
At a single location on a workpiece how can an elastic interaction between the robot and workpiece be How can robot-workpiece interactions at locations
learned and reproduced efficiently, when neither the stiffness of the robot or workpiece are known a priori? where interactions have not directly been learned, be
efficiently predicted from a minimum number of known
measurements?
MC1.1: MC1.2: MC2:
Learn and reproduce controlled interactions at Stiffness estimation based Controlled Interaction With a minimum number of known measurement
measured locations even though the stiffness of the Algorithm for control of robot-workpiece elastic locations efficiently predict controlled interactions at
workpiece is unknown or hard to model. interactions unmeasured locations.
GPR, Theta 1
= iy B -
Nobet Tod-, Tool Gukde = g e

[} 2 1 [ 8 10 12

FT amser P Braem

~ < T 02 e TN J
| ERA . ¥ = K 3 0 G o
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Published in DSCC 2019 Published in ASME LDSC 2023 Submitted for review 2024

Figure 1.5: Timeline of research with research questions, main contributions and related
publications [1, 2, 3.

1.5 Outline

The remainder of this dissertation is organized with the following structure. Related work
and relevant literature is presented in Chapter 2. Work relating to the first part of main
contribution 1 (MC1.1) is presented in Chapter 3, the development of Data-based learning
for control of elastic interactions between a robot and workpiece. Work relating to the
second part of main contribution 1 (MC1.2) is discussed in Chapter 4, the development
of data-based stiffness estimation for control of robot-workpiece elastic interactions. Next,

work relating to main contribution 2 (MC2) is discussed in Chapter 5, the development



10

of active data-enabled robot learning of elastic workpiece Interactions. Lastly, Chapter 6
presents summary of the main contributions and potential future work relating to data-
based learning for control and prediction of robot-structure interactions with comparable

robot and structure stiffnesses.
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Chapter 2
LITERATURE REVIEW AND BACKGROUND

This chapter is comprised of a short review of available literature, and background in-
formation relevant to each of the main contributions: MC1.1, MC1.2 and MC2 presented
in this dissertation. The background for each contribution is drawn from published articles

[1, 2] and a submitted article [3].
2.1 Literature Review of Robot and Workpiece Stiffness Models

Elastic interactions between an industrial robot and workpiece where the stiffness of the
robot and workpiece are not known however must be accounted for, is not directly addressed
by present literature. As discussed in Chapter 1, current methods applied to industrial
robots consider elastic interactions under one of two assumption, that the workpiece is stiff
in comparison to the robot and its mounting structure or that robot is substantially stiff in

comparison to the flexible workpiece.

2.1.1 Robot Stiffens Models

In 1980 J. Kenneth Salisbury developed a method for actively controlling the Cartesian
stiffness of a robotic manipulator and in doing so created a rudimentary robot stiffness
model [25]. This rudimentary model provides a basis for many works that follow. Zefran
et al. [26] expand upon Salisbury’s work by deriving a coordinate-free representation of
the Cartesian stiffness matrix and Pashkevich et al. [27] provide a summary of the related
works and expressions for the Cartesian stiffness matrix. Chen and Kao [28, 29] expand
on the Salisbury’s model by deriving the Conservative Congruence Transformation (CCT)

that allows for external forces to be incorporated in to the model. Detailed examples and
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application of the CCT for the stiffness control of robotic systems is provided by Li et
al. [30] and Chen [31]. Methods for robot joint stiffness identification and characterization
are presented by Alici and Shirinzadeh [32] as well as Dumas et al. [33]. Examples of
robotic stiffness optimization in practical applications are detailed for robotic machining
applications by Guo et al. [18] and for robotic drilling applications by Bu et al. [34]. Finally,
an approximation method for stiffness calculation of robotic arms is provided by Sun and

Fang [35].

2.1.2 Deformable Workpiece Models

With regard to the latter assumption, that robot is substantially stiff in comparison to the
flexible workpiece, there is a large amount of current work relating to sensing, modeling
and manipulation of deformable objects. Nadon et al. [7] present a comprehensive survey of
the works relating to sensing and robotic manipulation of non-rigid objects. Additionally,
Sanchez et al. [8] present as similar survey of recent works relating to manipulation and
sensing of deformable objects in domestic and industrial applications. Many of these works
employ similar methods to the research presented in this document. Fore example Cirillo et
al. [36] use a six-axis tactile sensor for the control of linear and rotational slippage during
graping tasks. Fazeli et al. [37] employ learning techniques that allow a robot to preform the
complicated task of playing the game Jenga. And Caccamo et al. [38] utilize a GPR to map
local deformability on a workpiece to the larger robot working environment. In addition to
the above examples, the stiff robot models may provide valuable insight into optimization

methods that allow for increased interaction efficiency.

2.2 MC1.1: Learn and reproduce controlled interactions at measured loca-
tions even though the stiffness of the workpiece is unknown or hard to
model

In manufacturing processes, robots are typically limited to preprogrammed actions. In cases

where the robot must interact with a structure of unknown elasticity, fixed programming



13

limits accuracy and repeatability. For many types of interactions such as clamping and
drilling flexible structures, maintaining normality and limiting shear forces are essential to
perform the process within acceptable tolerances [4, 5]. Out of tolerance conditions can arise
as stiffness varies with location on the workpiece or by altering process parameters such
as interaction speed. Preprogrammed interactions often limit the ability to accommodate
variation in structural stiffness resulting in errors and inefficiency. Characterizing robotic
interactions with flexible structures can allow for increased interaction speeds and accom-
modate process changes. The ability to perform these interactions more effectively could
potentially save time and increase quality for processes where a large number of similar

interactions must take place.

Current methods in industrial robotics consider elastic interactions under the assumption
that the workpiece is stiff in comparison to the robot. The elastic deformations in the
robot are then compensated through two main approaches used to account for interaction
errors. The first is a model-based approach that takes into account the known stiffness
properties of the robot and then corrects the related error in some manner [16, 17, 18]. The
second is a sensor-based approach that measures the interaction with the workpiece and
corrects the error by use of an algorithm or control law [19, 20, 21]. Other recent works
make the opposite assumption that robot is substantially stiff in comparison to the flexible
workpiece. Under this assumption, current research focuses on tasks such as grasping, folding
and knot tying [7, 8]. Precision is important but not critical in such non-industrial settings.
However, neither of these approaches address the needs of industrial operations such as
robotic clamping and drilling on large flexible structures, where the elasticity of neither the
robot nor the workpiece can be ignored. Model-based methods may not adequately capture
the combined elasticity for precision operations [22], and sensor-based correction can yield
precision, but could lead to slow operation speeds [23].

We propose a data-based approach that can take into account the elasticity of both the
workpiece and the robot, without relying on the assumption that the workpiece is stiff in

comparison to the robot or vice versa. Data-based models[11, 12], that learn the elastic
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interactions at relatively slow speeds, are then used to speed up similar operations. Similar
approaches to collect data and use it for improved control has been developed in other
machine learning applications, e.g., [13, 14, 15]. In the current application, the original
interaction model obtained using slow interactions can be used to speed up the operation at
the same location on the next workpiece. Moreover, data acquired using slow interactions
at a few points on the workpiece has the potential to be used to speed up the operations at
intermediate points.

In this initial work, the proposed data-based approach is applied to a robotic clamping
operation, where both the elasticity of workpiece and robot must be taken into account. The
clamping operation requires that the robot gradually apply a force normal to the workpiece
until a target force is reached. The goal is to maintain normality with the workpiece and
to keep the shear force within prescribed levels throughout the interaction as the robot and

workpiece experience deflections.

2.3 DMC1.2: Stiffness estimation based Controlled-Interaction Algorithm for
control of robot-workpiece elastic interactions

In manufacturing processes such as clamping and drilling of elastic structures, maintaining
normality and bounding the shear forces between the robot and the workpiece are essential
to avoid damage of the tool or workpiece, [4, 5, 39]. However, maintaining normality and
shear forces within required process tolerances can be challenging when the stiffness of the
robot-workpiece interaction is variable, which can arise due to nonlinear elastic characteris-
tics of the robot and workpiece, large deformation of the workpiece, and location-dependent
interactions with the workpiece. The current use of robots in industrial manufacturing pro-
cesses often use preprogrammed actions [40, 41], which limits the accuracy of such robots
when interacting with structures of unknown or varying stiffness. Therefore, the character-
ization of robot-workpiece interactions is necessary to accommodate stiffness variations for
maintaining normality and small shear forces within process tolerances.

Existing methods for robot-workpiece interactions in industrial robotics conventionally
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assume that the stiffness of the workpiece K, is much greater than the stiffness of the robot
K,, ie., K,, > K,. Therefore, the elastic deformation only in the robot is compensated
during interaction, which is achieved using two main approaches. First is a model-based
approach, where a stiffness model of the robot is used to compensate robot motion error
during interactions, as in [17, 18, 34, 42]. Second is a sensor-based approach, where the
interaction error between robot and workpiece is monitored in real time and used as feedback
to correct the robot motion using a control policy or algorithm [20, 43, 44]. Typical model-
based approaches require accurate robot stiffness models, which might be difficult to obtain
and furthermore, these approaches are not applicable for precision operations when both the
robot and the workpiece are flexible, [45]. The sensor-based approaches can be applied to
specific robot-workpiece interactions for improving precision. Sensor-based approaches are
often employed with industrial robots, for example ABB and Kuka use force measurements to
improve robot-workpiece interactions in low material-removal-rate processes like grinding and
polishing [46], and ongoing research also seeks to increase the accuracy of robot-workpiece
interactions through sensor-based feedback and control [39, 47]. Nevertheless, the range of
industrial applications is still limited by the achievable accuracy, e.g., [48]. Additionally,
some of the positioning errors can be corrected using onsite calibration, e.g., [49]. However,
environmental variations such as part stiffness can influence the calibration of the robot [50,

51], and multiple recalibration of the robot can be cost and time prohibitive.

Previous work has considered the case where both the robot and workpiece are elastic,
for a robotic clamping operation [1]. The clamping operation requires a gradual increase
in the normal force until a target force is achieved, while keeping the shear force within a
tolerance level. The heuristic iterative-correction algorithm in [1] uses an inverse kinematics
model of the robot to make iterative corrections of the end-effector position to reduce shear
forces and achieve normality. A limitation of the heuristic algorithm is that a large number
of iterations might be needed since the iterative corrections do not estimate nor account
for the stiffness of the robot and the workpiece. The current work proposes a model-free

approach that uses an online estimation of the combined stiffness between the robot (Kinova



16

MICO) and workpiece (aluminium beam) for corrective motion of the robot. Experimental
results show that the stiffness-estimation-based approach achieves a target normal force in
four times fewer iterations, compared to the heuristic approach without using the stiffness

estimation.

2.4 DMC2: With a minimum number of known measurement locations effi-
ciently predict controlled interactions at unmeasured locations

In manufacturing operations utilizing industrial robots for clamping and drilling flexible
structures, it is vital to maintain normality and avoid large shear forces and torques between
the robot and the workpiece in order to prevent damage to the tool or workpiece [4, 5, 39].
However, maintaining normality and controlling shear forces within required tolerances be-
comes challenging when the stiffness of the robot-workpiece interaction varies. This variation
can be attributed to the nonlinear elastic characteristics of both the robot and workpiece,
substantial deformation of the workpiece, and location-dependent interactions (such as those
outlined in Appendix A). The prevalent use of preprogrammed interactions in current in-
dustrial manufacturing processes [40, 41] limits precision when dealing with structures of
unknown or varying stiffness. Therefore, learning the robot pose corrections during robot-
workpiece interactions is imperative to accommodate stiffness variations, ensure normality of
the applied forces and maintain shear forces and torques within specified process tolerances.

Traditional approaches to robot-workpiece interactions with industrial robotics typically
assume that the workpiece’s stiffness is significantly higher than that of the robot. Hence,
compensation of elastic deformation in the robot during the interaction is accomplished
through the implementation of two primary approaches. The first approach involves using
a model-based method, wherein a stiffness model of the robot is employed to correct errors
in robot motion during interactions, [17, 18, 34, 42]. The second approach involves sen-
sors, wherein real-time monitoring of the interaction error between the robot and workpiece
is conducted. This information serves as feedback to adjust the robot’s motion through

the application of a control strategy or algorithm, [20, 43, 44]. Conventional model-based
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methods necessitate precise robot stiffness models, which can be challenging to acquire.
Additionally, these approaches prove impractical for precision tasks involving both flexible
robot structures and flexible workpieces, [45]. Sensor-based methods are commonly utilized
in conjunction with industrial robots. For example, force measurements are employed to
manage interactions between robots and workpieces in processes with low material removal
rates, [46]. Recent research also aims to improve the accuracy of robot-workpiece interactions
through sensor-based methods in more general applications, [39, 47, 48]. Moreover, on-site
calibration, as suggested in [49], can address certain positioning errors although variation of
the workpiece stiffness may impact the robot’s calibration [50, 51] and conducting multiple
recalibrations could be both cost and time prohibitive.

Prior research has explored scenarios involving both the robot and workpiece exhibiting
elasticity in the context of a robotic clamping operation [1], where iterative corrections of
the robot pose is used to gradually increase the normal force until a specified target force is
attained, while ensuring that the shear force remains within an acceptable tolerance range.
Moreover, the convergence of the iterative procedure can be sped up (about about 4 times) if
local stiffness is estimated from the measurements, [2]. However, such local iterative methods
are still slow if the correct robot pose needs to be relearned at each location where work needs
to be done. This motivates the proposed learning of the robot pose (joint angles) for the
unmeasured workpiece locations by utilizing data from previous work locations using the
Gaussian Process Regression (GPR) approach, [52]. Additionally, active learning is used to
minimize the number of measured workpiece locations where such data needs to be collected
for sufficient precision in the robot-pose map for operations at other locations. Experimental
results show that the active data-based modeling method requires 77.8% fewer measurement
locations when compared to a linear-positioning-based approach that does not use active
data-based modeling. Additionally, the learned robot-pose map allows for rapid increase of
the normal forces at unmeasured workpiece locations, up to eight times the iterative method

speed.
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Chapter 3

DATA-BASED LEARNING FOR CONTROL OF ELASTIC
INTERACTIONS BETWEEN ROBOT AND WORKPIECE

This chapter addresses the main contribution MC1.1; Learn and reproduce controlled
interactions at measured locations even though the stiffness of the workpiece is unknown or
hard to model, and has been published in [1]. The main contribution of this chapter is to show
experimentally, that data acquired during a robotic clamping operation can be used to speed
up the process for similar operations. Utilizing the learned parameters, a map between the
measured forces and robot joint positions is used to develop time-based robot-joint (velocity)
trajectories to achieve a specified robot-workpiece interaction.

The contents of this chapter are organized as follows. A description of the experiment,
initial heuristics-based controlled-interaction algorithm, time to joint velocity mapping as
well as details of the reproduced measured interaction are presented Section 3.1. Results and
discussion of the experiment are presented in Section 3.2. Lastly, conclusions are presented

in Section 3.3.
3.1 DMethods

This section describes the data-based robotic clamping operations as well as details of the

experimental system. The methods section consists of the following four parts.

1. The experimental setup used for the clamping operations.

2. A controlled interaction with a flexible beam that allows for interaction forces and joint

angles to be managed and recorded.

3. Creation of a data-based map (a model) that relates the measured forces and joint
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angles and using it to develop time-based robot-joint (velocity) trajectories that achieve

a specified robot-workpiece interaction.

4. Reproducing the measured interaction while varying interaction speed.

3.1.1 FExperiment

The experimental setup is pictured in Fig. 3.1 and consists of a Kinova MICO robotic arm,
ATT Mini 45 F/T (force-torque) sensor, 3D printed tool and 3D printed tool guide rigidly
attached to a flexible beam made from 6061-T6 aluminum. The beam is 18.9mm wide,
3.15mm thick and the distance from the mounting point to the tool contact point can be
adjusted. In the initial pose position in Fig. 3.1 the stiffness of the robot is 5.17N/mm in
the horizontal direction and 6.30N/mm in the vertical direction. Additionally the stiffness
of the beam (including mount) is 0.18 N/mm in the horizontal direction and 10.12N/mm in
the vertical direction. In order to measure the interaction forces and torque, the F/T sensor
is attached between the end of the robotic arm and the 3D printed tool as shown in Fig.
3.2. When the tool is in contact with the tool guide, a firm connection is made between the
robot and the flexible beam. The robotic arm is posed allowing for the tool to be positioned
in the same plane as the beam deflection with sufficient degrees of freedom to perform the
interaction, as illustrated in Fig. 3.1. Additionally it is assumed that as the beam deflection
increases through the clamping operation, the corresponding normal force F, in Fig. 3.2 will

also increase.
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Figure 3.1: Experimental setup with the robot and flexible beam in contact: (A) Kinova
MICO robotic arm, (B) tool contact point and (C) flexible aluminum beam. A detailed
schematic of the contact point is provided in Fig. 3.2.
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Figure 3.2: Schematic of tool contact point with the flexible beam from Fig. 1.4, and the
F/T (force/torque) sensor with original coordinate frame (2, #) and shifted coordinate frame
(z,x). The normal force F,, shear force F, and torque T, are shown at the contact point.

3.1.2 Heuristics-Based Controlled-Interaction Algorithm

The first stage of the experiment is designed to be a controlled-interaction that is representa-
tive of a robotic clamping operation with a flexible structure. We define successful clamping
to be the application of a prescribed normal contact force, while simultaneously maintain-
ing only small shear force and torque. The goal of this first step is to discover the static
relationship between the motion of the robot while in contact with the flexible structure,
and the corresponding forces and torque at the point of contact. During this process the
robot moves to increase the normal force incrementally. For each normal force increment,
the shear force and torque are minimized in an iterative manner. The process continues until
the measured normal force F, exceeds the required force F, = 10N and the shear force F,
and the torque T}, are below the corresponding thresholds |E,| = 2N and |T,| = 0.05Nm,
respectively. Details of the iteration are provided in Fig. 3.3. At every step in the process the
forces and torques, F, I, and T}, as well as robot joint angles 0;, 8 and 03 are measured and

recorded. An outline of the iterative process is presented below and in detail in Algorithm
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Outline of the Heuristics-Based Controlled-Interaction Algorithm:

1. Initialize the algorithm: set the target normal force F,, shear force threshold value F,,

torque threshold value Ty and distance to move tool each step Az.

2. Move tool forward a small distance Az in the z direction.

3. Record the resultant F., T, F,, 0, 05 and 0s.

4. In a loop, correct the torque T}, by rotating the tool around the y axis and correct the
shear force F, by moving in the = direction. This operation is repeated until both |T},|

and |F;| are below the torque threshold value T, v and shear force threshold value F,.

5. Record the resultant F}, T, F}, 6, 02 and 0s.

6. Repeat steps 2-4 until F, exceeds the target normal force F,.
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Algorithm 1 Heuristics-Based Controlled-Interaction Algorithm

Require: The tool is in contact with the tool guide as shown in Fig. 3.1 and the beam is

e
P el

14:
15:
16:
17:
18:
19:
20:
21:
22:
23:
24:

unloaded.
Initialize:
Set target normal force: F,
Set shear force threshold value: Fm
Set torque threshold value: T, Y
Set distance to move tool: Az
Loop:
while F, < F, do
Record: F., T,, F,, 01, 05 and 03
Move tool forward Az in the z direction
Record: F., T, F;, 01, 02 and 03
Loop:
while (|T,| > T,) or (|F,| > F,) do
Loop:
while |T,| > T, do
Correct torque by rotating the tool around the y axis.
Record: F.,, T,, Fy, 01, 02 and 03
end while
Loop:
while |F,| > F, do
Correct shear by moving in the = direction.
Record: F.,, T,, Fy, 01, 02 and 03
end while
end while
end while

The measured F}, F, and T, from the controlled-interaction can be seen in Fig. 3.3.

Points in red indicate when the robot is about to be incremented forward Az = 2mm.

Between each increment (red points), the process required about six iterations (shown in

blue) for the torque and shear force to become small. The iterations required between the

froward increments tend to limit the process and it is desirable to perform as few iterations

as possible. Overall, the process is slow, and takes about 280 seconds.
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Figure 3.3: Measured forces and torque from the heuristics-base controlled-interaction with
the beam. The Points in red indicate when the robot is about to be incremented forward as
the torque and shear force have become small. On an average, six iterations are present in
blue between the forward increments.
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3.1.3 Joint Velocity-Trajectory Generation

In order to produce the desired time-based robot-joint (velocity) trajectories, a joint angle vs.
normal force relationship must first be established. The relationship between the controlled-
interaction joint angle and the normal force is found from the experimental data using a
nonparametric locally-weighted regression. The data used in the fit are the red points in
Fig. 3.3 where the tool is sufficiently normal to the flexible beam (|T,| > T,) and the shear
force is acceptably small (|F,| > F,). While several regression methods could be used,
the Locally Estimated Scatterplot Smoothing (LOESS) approach is used in the current work
because, in general, the nature of the interaction is not known and may exhibit nonlinearities
arising from changing interaction elasticity as well as nonlinear robot kinematics [53]. Figure
3.4 shows the normal forces that are used to create the joint angle trajectories and the fit

obtained with the LOESS regression.
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Figure 3.4: Robot joint angle, normal force mapping created by applying the LOESS regres-
sion to the red data points from Fig. 3.3 where torque and shear force are small.
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Given any desired normal-force profile in time, the data-based approach can be used to
generate the desired time-based robot-joint (velocity) trajectories. For this experiment, a
sigmoidal relationship between normal force and time is employed as shown in Fig. 3.5. The
sigmoidal relationship is used so that the applied normal force changes smoothly in time,
which avoids abrupt changes in the interaction force and torque. Mapping the normal-force
trajectory through the learned LOESS normal force joint angle relationship and taking the
time derivative produces the desired time joint velocity relationship as can be seen in Fig.

3.6.
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Figure 3.5: Prescribe sigmoidal normal force profiles as a functions of time. Used to reproduce
the robot-beam interaction at various speeds.
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Figure 3.6: Time-based robot-joint (velocity) trajectories formed by mapping the normal
force time sigmoid through the learned LOESS normal force joint angle relationship and
taking the time derivative.

3.1.4 Reproducing the Measured Interaction

The robot beam interaction is reproduced by commanding the robot to move with the pre-
scribed joint velocities. In order to determine the limits of the interaction, the speed is
increased by scaling the sigmoid as seen in Fig. 3.5 and repeating the experiment. Forces
and torque are measured during the interaction to determine if they stay within acceptable

limits.
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3.2 Results And Discussion

Results of the reproduced interactions are evaluated against the original controlled-interaction
to determine the performance of the data-based prescription of the robot-joint (velocity)
trajectories. A reproduced interaction is determined to be unacceptable when the mea-
sured torque or force exceeds twice the threshold of Ty or [, from the learning algorithm,

|T,| > 0.1Nm and |F,| > 4N respectively.

3.2.1 Reproduced Robot-Beam Interaction

The measured normal forces F, for each reproduced robot-beam interaction are plotted in
Fig. 3.7. Four increasing interaction speeds of 1.X,2X,3X and 4X the original speed are
shown. As expected the normal force F, follows a sigmoidal path for each of the interaction

speeds and the maximum value of the normal force F, reaches an acceptable steady state

force of &~ 91% to 96% the target 10N force.

10
»
] L ,
. - 1X Speed
é 6l - 2X Speed| |
o 3X Speed
% - 4X Speed
= 4 .
&
Z
0w
-2 I I I I I
0 50 100 150 200 250 300

Time (s)

Figure 3.7: Measured normal force as speed is increased for the original robot-beam config-
uration.
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Interaction torques 7T, for each reproduced interaction are plotted in Fig. 3.8. As in-
teraction speeds are increased the torque 7}, remains well within the acceptable range of
+0.1Nm. Consequently, tool normality with the workpiece is maintained up to 4X the

original interaction speed.
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Figure 3.8: Measured interaction torque as speed is increased for the original robot-beam
configuration. Acceptable interaction torque limits are indicated by the blue lines.
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Shear forces F), for each reproduced interaction are plotted in Fig. 3.9. As the interaction
speeds are increased, the shear force F, trends toward the lower limit of the acceptable range
of £4N. At 4X the original interaction speed F} exceeds the acceptable range near the end

of the interaction.
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Figure 3.9: Measured shear force as speed is increased for the original robot-beam configu-
ration. Acceptable shear force limits are indicated by the blue lines.
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Based on the experimental results, the data-based approach can be used to increase the
speed by 3 times that of the sensor controlled-interaction before the shear forces become
unacceptable. This reproduced interaction takes about 93s and results in a significant time

savings of 187s.

3.3 Chapter Conclusions

This experimental effort showed that robotic interactions with flexible structures can be
learned through data-based methods. Moreover, the results show that the learned data-
based model can be used to substantially increase the operating speed, while maintaining
tool-workpiece interactions at acceptable levels. The increased speed represents a significant
time-savings in the manufacturing process. The potential to substantially increase the op-
erating speed in the experimental results suggest that further research should be pursued,
such as attempting to estimate the data-based map at discrete locations and then infer the
tool-workpiece interactions at other locations where controlled-interactions have not been

previously conducted.
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Chapter 4

DATA-BASED STIFFNESS ESTIMATION FOR CONTROL OF
ROBOT-WORKPIECE ELASTIC INTERACTIONS

This chapter addresses the main contribution MC1.2; Stiffness estimation based Controlled-
Interaction Algorithm for control of robot-workpiece elastic interactions, and has been pub-
lished in [2]. The main contribution of this chapter is an algorithm, (i) to learn the robot-
workpiece stiffness relationship using a model-free data-based approach and (ii) to use it for
applying desired forces and torques on the elastic structure.

The rest of this chapter is organized as follows. A description of the experiment, with-
out stiffness-estimation (initial heuristics-based controlled-interaction algorithm) and with
stiffness-estimation (stiffness-based controlled-interaction algorithm) are presented in Sec-
tion 4.1. Results and discussion of the experiment are presented in Section 4.2. Lastly,

conclusions are presented in Section 4.3.
4.1 Methods

4.1.1  FEzperiment

The controlled interaction studied in this paper is representative of a robotic clamping op-
eration with a flexible structure. A successful clamping operation is the application of a
prescribed normal contact force, while maintaining small shear force and torque to avoid
tool and/or structure damage. Additionally, the shear force and torque at the contact point
need to remain small while the normal force is increased. This is challenging because the

robot pose can change substantially during the process due to large deflection of the structure
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as shown in Fig. 4.1.

The experimental setup is shown in Fig. 4.1, which consists of a Kinova MICO robotic
arm with a ATT Mini 45 six degrees of freedom force-torque (F/T) sensor mounted on the
end-effector. The robot’s end-effector is firmly attached to the beam using a 3D-printed tool
and guide, as shown in Fig. 4.2, where the the F/T sensor is placed between the robotic arm
and the 3D-printed tool. The F/T sensor has a maximum measurement errors of F, = 1.00%,
F, = 1.25% and T, = 1.50% at a 95% confidence level. The beam is made from 6061-T6
aluminium and has 18.9mm width, 3.15mm thickness and the distance from the mounting
point to the tool contact point is 415mm. The initial pose of the robot allows for sufficient
degrees of freedom to perform the interaction goal of increasing the normal force to a desired
set point, while maintaining low shear and torque at the tool contact point. Additionally
it is assumed that as the beam deflection increases through the clamping operation, the

corresponding normal force F), in Fig. 4.2 will also increase.

Initial Pose Final Pose

Figure 4.1: Experimental system. The robot, Kinova MICO (A), applies a load using a tool
(B) on a flexible aluminum beam (C). The interaction leads to substantial deflection in the
beam as seen by comparing the initial pose (left image) and the final pose (right image).
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Figure 4.2: Schematic of the tool contact contact point. The normal force F, needs to be
increased to a specified value while the shear force F, and torque T}, at the contact point
need to be minimized to avoid tool or workpiece damage. The forces are measured using a
force-torque (F/T) sensor where the original coordinate frame of the sensor (2, Z) and shifted
coordinate frame of the tool tip (z,z) are shown.

4.1.2  Interaction Algorithm Without Stiffness Estimation

The heuristic interaction algorithm from [1] is an iterative correction process using only
force measurements without stiffness estimation. During this process the normal force is
increased incrementally by moving the robot forward in the z direction along the tool axis
by Az, producing a change in normal force AF,. The interaction is determined to be
acceptable when the measured torque and shear force are within the threshold values. Thus
for each increment, the shear force and torque are minimized to stay within the force and
torque thresholds by moving the tool in the x direction and rotating around the y-axis, in an
iterative manner. Once the tool tip shear force and torque are within the desired thresholds,
the incremental displacement along the z-axis continues until the measured normal force F,

reaches the required force F, = 10N and the shear force F, and the torque T, y are below the
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corresponding thresholds. The iterative algorithm is outlined in Algorithm 2.

The threshold values for shear force and torque are selected based on the force and torque
values measured at the smallest-size joint motion of the robot. For example, each joint of
the robot (61, 6,,03) is moved by € rad, where € is the smallest command for each joint
angle. The resulting contact shear force and torque magnitudes (averaged over five trials)
provide threshold values for shear force as |F,,| = 7.5N and torque |T,| = 0.15Nm, in this

application.

Algorithm 2 Interaction Without Stiffness Estimation from [1]
Require: The tool is in contact with the tool guide as shown in Fig. 4.1 and the beam is

unloaded.

1: Initialize:

2: Set target forces and torque: F,, F, and Ty

3: Set distance to move tool: Az

4: Set minimum correction distance: p

5: Set minimum correction angle: €

6: Loop:

7. while F, < F, do

8:  Record: F., T,, F,, 01, 0, and 03

9:  Move tool forward Az in the z direction using inverse kinematics in Eq. (4.3)
10:  Record: F,, T,, F,, 0, 0 and 05

11:  Loop:

12 while (|T,,| > T,) or (|F,| > F.) do

13: Loop:

14: while |T,| > T, do

15: Correct torque by rotating the tool around the y axis as in Eq. (4.1)
16: Record: F.,, T,, Fy, 01, 02 and 03

17: end while

18: Loop:

19: while |F,| > F, do
20: Correct shear force by moving in the z direction as in Eq. (4.2)
21: Record: F.,, T,, Fy, 01, 02 and 03
22: end while

23: end while
24: end while
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Iterative correction: As the robot moves forward in the z direction at each increment, the
shear force and torque at the contact point between the tool and the beam can change since
the tool does not necessarily remain normal to the surface of the beam due to the additional
deflection of the robot and workpiece. The robot corrects for the change in shear force and

torque by moving the tool tip.

Step 1. Torque correction: The robot minimizes torque 7}, at the tool tip by rotating the tool
tip around the y-axis in the opposite direction by the smallest command angle ¢ = 0.005rad
(established using the date presented in Appendix B), until the measurement is below the
threshold \Ty\ = 0.15Nm, i.e.,

Af, = —sign(T,)e rad. (4.1)

Step 2. Shear force correction: Similarly, after correcting for torque, the robot minimizes
shear force F, by moving the tool in Cartesian space in the opposite direction of the shear
force by p = 1mm (which the smallest distance command to the robot corresponding to the

smallest joint angle move €) until the measurement is below the threshold |F,| = 7.5N, i.e.,

Az = —sign(F,)p mm. (4.2)

Inverse kinematics: Desired movement in the tool’s coordinate frame is achieved using

inverse kinematics of the planar 3-link robot as,

A® = J(6) AP, (4.3)

T

T
where A® = lA@l A, Agg} , AP = [Az Ax Agy] are change in joint angles and

change in end-effector (tool) position respectively, and J(0) € R3*3 is the robot’s Jacobian
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matrix.

4.1.8 Interaction Algorithm With Stiffness Estimation

The interaction algorithm without stiffness estimation makes iterative corrections without
accounting for the stiffness of the robot and the workpiece. In contrast, an interaction algo-
rithm based on stiffness estimation can increase the normal force by a commanded amount
AF, while keeping the shear force F, and torque T, small. The stiffness estimation based

algorithm is outlined in Algorithm 3.

Correction using stiffness: The stiffness matrix K is a map from the changes in the joint
angles of the robot (A6, Ab,, Afs) to changes in the forces (AF,, AF;) and torque (AT,)

at the contact point. As given by,

AF = K A® = K, AP, (4.4)

T
where AF = {A F. AF, ATy} and K, € R* is the Cartesian stiffness matrix that

T
maps displacements in the end-effector coordinate system [A s Ax A@y} to the changes

in contact point forces and torque AF, defined by Chen and Kao [28],
K,=J(0)"(Ky— K,)J(0)™, (4.5)

where K, € R**? is the joint stiffness matrix of the robot, K, € R**3 is the complementary
stiffness matrix arising from robot geometry changes due to external loading, and J(0) €
R3*3 is the Jacobian matrix which maps the joint angle displacement A® to the end-effector

displacements AP.
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The stiffness matrix K is used to make corrective robot pose changes A®, according to
Eq. (4.4) for achieving a desired change in the forces and torque AF; to meet the objectives

of the clamping operation, as,

A®, = K 'AF,. (4.6)

Algorithm 3 Interaction With Stiffness Estimation

Require: The tool is in contact with the tool guide as shown in Fig. 4.1 and the beam is
unloaded.
Initialize:

1:
2: Set target forces and torque: F,, F, and T,
3: Set normal force increment: AF,

4: Set normal force max (goal): Fz(mm)

5: Set minimum joint move thresholds: A#f,,;,
6: Loop:

7. while F, < F,(p4s) do

8  if First Move

9: forie {1,2,3} do

10: Move 0; by Ab,,in

11: Record: F,, T,, F, and 0,

12:  end for then

13: Calculate K, as in Eq. (4.7)

14:  else

15: Update the target normal force: F, + AF,
16: Calculate: A® using Eq. (4.9)

17: for i € {1,2,3} do

18: Move 6; by A6;

19: Record: F,, T,, F, and 0;

20: end for

21: Estimate K, using Kalman Filter in Eq. (4.14) and Eq. (4.15)
22:  end if

23:  Loop:

24:  while (|T,| > T,) or (|F,| > F,) do

25: Calculate: A® using Eq. (4.9)

26: Move © by A®
27:  end while
28: end while
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Measurement-based stiffness: The interaction stiffness K is directly estimated from

measurements of forces and joint angles as K,,,

kip.oy Kooy Kip. o)
Km - k{szel} k{F1702} k{F1793} ’ (47)

kiryoy Km0y Kimy 60}

where each element k¢pg,y, with F' = {F., F,,T,} and 0; € {01,0, 03}, is defined as the ratio
of the change in F' (AF measured using force sensor) to a corresponding change in robot

joint angle 6; (A; obtained from robot joint encoders) as,

AF

(4.8)

The measured stiffness matrix K,, (a linear approximation of K) can then be used to
approximate the corrective robot pose changes in Eq. (4.6) using the measurement based

A®, ,,, computed as,

A@d’m = Kn_llAFd ~ A@d (49)

However, uncertainty in the measurements of the forces and joint angles can lead to incorrect
stiffness values k{rp,;, which can in turn, cause large errors and rapid large changes in robot
pose correction (A@y,, in Eq. (4.9)). Nevertheless, the stiffness of the beam is expected
to be continuous and change slowly for small motion of the robot. Therefore, a Kalman
filter-based approach is used to smooth out the estimate of the individual elements of the
stiffness matrix K, in Eq. (4.9), similar to prior usage for constitutive parameter estimation

in other applications, e.g., in [54].
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Iterative stiffness estimation: The estimation of each element of stiffness matrix K,, in

Eq. (4.7) as /;;{ Fe;} at each iteration step ¢ of the interaction algorithm is described below.

Step 1. Initialization: The variance a,’f{”_} of the stiffness measurement k¢pp,3 in Eq. (4.8),
for each element of K,, in Eq. (4.7), is obtained through initialization measurements using

small robot motions in the initial pose of the robot, and is given in Table 4.1.

Table 4.1: Variances of k{pg,) in Eq. (4.8) obtained in the initialization step of the iterative
stiffness estimation algorithm.

2

F, ]0.0034 0.0037 0.0032
F, |0.1989 0.2850 0.2049
T, | 10 10* 107

Step 2. Prediction: In absence of an update equation for the stiffness in our model-free
approach, the apriori estimate /~€{ Fo:3[t] of the stiffness is assumed to be the posteriori estimate

12:{ Fo;3[t — 1] at previous iteration step ¢ — 1,
kgponlt] = A kppoa[t — 1], (4.10)

where the gain A = 1. The apriori estimate of the variance in stiffness prediction ﬁk{ o) [t]

is taken to be the variance O']%{Fe_ obtained in the first iteration step (i.e. t = 1), and equal

}

to the previous iteration’s posteriori estimate of stiffness variance Pk (F0,} [t] for t > 1,

- o B
Pk{F,Qi} [t] - O—k’{F,ei}’ t=1,

= ]Sk{F,Gi}[t - 1]7 t>1. (4.11)
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Step 3. Update: The apriori estimate l%{ Fo.}[t] is updated to provide the posteriori estimate
/2;{ F,3[t] of the stiffness based on the force and encoder measurements at the current iteration.
The predicted stiffness output, denoted as g[t], is modeled as a random walk from the apriori

stiffness estimate &y, [t], similar to the approach in [?],
jlt] = Chyposlt] + Q (4.12)

with the measurement gain C' = 1 and the measurement variance is taken to be ) = ai{m‘}
obtained from the initialization step. The actual stiffness output at current iteration step

y[t] is found from sensor measurements as,

ylt] = (4.13)

where AF[t]| = F[t] — F[t — 1] and Ab;[t] = 6;[t] — 6;[t — 1] are the changes in the force and
joint angle measurements at the current iteration step ¢ compared to the previous iteration
step t — 1. The posteriori estimate of the stiffness /%{ re;} and stiffness variance P{ Fe;} 1s then

obtained using as,

kipon[t] = ko + altley[t), (4.14)
Prroylt] = (1= alt]) Prrgy i), (4.15)

where e, [t] is the innovation error, defined as the difference between the actual output y|t]

and the predicted output g[t] computed as,

ey[t] = ylt] — y[t], (4.16)
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and alt] is the Kalman gain,

alt] = Pyroylt] ( Proylt] + Q) - (4.17)

4.2 Results and Discussion

In the following, results of the interaction algorithm without stiffness estimation are evaluated

against the proposed approach with stiffness estimation.

4.2.1 Stiffness estimation reduces number of iterations

The number of iterations /V; is the total number of position-adjustment steps the robot takes
to reach the required normal force of F, = 10N while maintaining small shear force |F}| < F,
and torque |T,| < Ty. Additionally, the normal force increment AF, is the change in normal
force each time the robot moves forward, whether it results from an incremental movement
as in Algorithm 2 or a commanded change in force as in Algorithm 3. From Fig. 4.3,
the interaction algorithm with stiffness estimation completes the task with approximately
four times fewer iterations as compared to the approach without stiffness estimation. For
example, as shown by results from one of the trials with normal force increment AF, ~ 1N
shown in Fig. 4.4 for the approach without stiffness estimation, the number of iterations
taken to complete the task is N; = 48. In comparison, the number of iterations with stiffness
estimation is N; = 11 for approximately the same normal force increment AF, = 1N as
shown in Fig. 4.5. Thus, with stiffness estimation, the operating speed is approximately
four times faster when compared to the approach without stiffness estimation. Details of

results are shown in Table 4.2.
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Figure 4.3: The average number of iterations /V; over 7 trials is compared at a target normal
force of F, = 10N, with and without stiffness estimation, for 6 different normal force incre-
ments AF,. The number of iteration are lower by approximately 65% for the approach with
stiffness estimation as compared to the case without it.
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Figure 4.4: Measured interaction forces and torque without stiffness estimation for an incre-
ment in normal force AF, ~ 1N, selected (closest to the mean) from the seven trials shown
in Table 4.2. The solid red circles indicate when the robot can be incremented forward as
the torque and shear force have become sufficiently small (inside threshold values indicated
by the cyan dashed lines). In general, there are two to three correction iterations present,
indicated by the empty circles between the forward increments.
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Figure 4.5: Measured interaction forces and torque with stiffness estimation and a normal-
force increment AF, = 1N, selected (closest to the mean) from the seven trials shown in
Table 4.2. The solid blue circles indicate when the robot’s normal force can be incremented
forward as the torque and shear force have become sufficiently small (inside threshold values
indicated by cyan dash lines). In this case there is only one correction iteration indicated by
the empty circles.
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4.2.2  Stiffness estimation reduces correction steps

Number of correction steps N, is the number of motions the robot takes to reduce shear
force F, and torque T} to stay within the corresponding threshold values F, = £7.5N and
T,

y = £0.15Nm. The interaction algorithm without stiffness estimation requires several

correction steps to keep the shear force F, and torque T, within the threshold. Typically,
60% to 80% of the total number of iterations N; are correction steps N, needed to complete
the task, as shown in Fig. 4.6 and Table 4.2. This is because without any stiffness estimation,
the robot only relies on an iterative position correction with fixed predefined steps. Therefore,
if shear force and torque are large, then it can take two or more steps to correct after each

increase of the normal force AF,.

The percentage of correction steps N, reduces substantially, ranging from 5% to 30%
with stiffness estimation as shown in Fig. 4.6 and Table 4.2. Typically, after the initial
assessment the robot can correct for large shear force and torque in one step and remains
within the threshold until the task is completed. Thus, by using the estimated stiffness from

measurement, the robot is able to predict its next pose in a single step.

A comparison can be made from the results shown in Figs. 4.4 (without stiffness estima-
tion) and 4.5 (with stiffness estimation). The approach without stiffness estimation requires
multiple corrections (two to three) between forward increments in normal force AF,. Al-
ternatively, the interaction with stiffness estimation only requires one step of correction to
minimize shear force F, and torque 7T}, at the beginning of the operation. Thus, the algorithm

with data-based stiffness estimation leads to a substantial reduction of the correction steps.
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Figure 4.6: The average percentage of correction steps N. (of the total iterations N;) taken
to minimize shear force F), and torque T, over 7 trials is compared, with and without stiffness
estimation, for 6 different normal force increments AF,. Typically, the approach with stiff-
ness estimation only needs a few correction to maintain acceptable shear force and torque
as compared to the approach without it.
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Table 4.2: Comparative results, with and without stiffness estimation: number of iterations
N; and percentage of correction steps N, (of the total iterations N;). The experiment was
performed seven times for several different normal force increment AF, and mean p and
standard deviation o for each metric is presented over seven trials.

AF,(N) N;(count) N.(%)
wEo wEto wEo
0.67£0.09 59.85+7.49 58.95+5.15
Without 0.88+£0.09 53.71+£6.15 64.62 £ 6.68
Stiffness 1.03+£0.03 47.42+£3.95 75.30 +6.64
Estimation 1.20£0.10 47.14 £3.18 75.15+4.52
1.35+0.06 43.57+2.50 80.00 £ 2.85
1.624+0.06 47.14+1.57 70.30 +2.43
0.5 21.00 £0.78  5.30 £ 1.68
With 0.75 15.28+0.75  7.474+1.92
Stiffness 1.00 11.424+0.53  8.754+0.40
Estimation 1.25 9.14£0.37 10.93 £0.42
1.50 10.00 £1.63 20.00 £11.11
1.62 10.71 £0.75  30.67 +=6.95

4.3 Chapter Conclusions

This work developed and evaluated a model-free data-based method for robotic interac-
tions with flexible structures to account for the elasticity of the robot and workpiece. The
method does not require prior knowledge of the system such as the robot kinematics or robot-
workpiece stiffness. Furthermore, the experimental results show that the learned data-based
method, with estimated stiffness, can be used to substantially increase the operation speed

by four times.
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Chapter 5

ACTIVE DATA-ENABLED ROBOT LEARNING OF ELASTIC
WORKPIECE INTERACTIONS

This chapter addresses the main contribution MC2; With a minimum number of known
measurement locations efficiently predict controlled interactions at unmeasured locations, and
has been submitted for publication as a journal article [3]. The main contributions of this
chapter are: (i) to use Gaussian Process methods to learn the robot pose for force normality
at unmeasured workpiece locations; and (ii) to use active learning for optimally selecting
and minimizing the number of measurement locations needed for accurate learning of the

robot-pose map with the data-enabled approach.

The rest of this chapter is organized as follows. A description of the experiment, with
proposed active learning of the robot pose map is presented in Section 5.1. Results and
discussion of the experiment are presented in Section 5.2. Lastly, conclusions are presented

in Section 5.3.

5.1 Methods

The robot-workpiece interaction explored in this paper characterizes a robotic clamping
operation with an elastic workpiece. This robotic interaction is challenging because the robot
pose can change substantially during the process due to large deflection of the workpiece as
shown in Fig. 5.1. Additionally, the clamping operation can vary significantly by changing

the interaction position along the workpiece, as workpiece stiffness and robot pose change.
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Initial Pose Final Pose

Figure 5.1: Experimental setup: (Left) The Kinova MICO robot (A) applies force through a
tool (B) onto a flexible aluminum beam (C) which is shown in the undeformed configuration.
The distance between the beam’s mounting point and the tool’s contact point (D) can vary
from 315 mm to 415 mm. (Right) The applied normal force can lead to significant deflection
of the flexible beam.

5.1.1 FExperimental Setup

The experimental setup illustrated in Fig. 5.1, includes a Kinova MICO robotic arm with an
ATI Mini 45 six degrees of freedom Force-Torque (F/T) sensor mounted on the end-effector.
The robot’s end-effector is securely connected to a flexible beam using a 3D-printed tool and
tool guide illustrate in Fig. 5.2. The distance D in Fig. 5.1 from the beam mounting point
to the tool contact point can range from 315 mm to 415 mm by adjusting the tool guide
position on the beam. The beam is constructed from 6061-T6 aluminum with a width of
18.9 mm and a thickness of 3.15 mm.

The clamping operation requires operating the robot such that a prescribed normal con-
tact force F) is applied to the beam, while normality is maintained between the Tool and the
Tool Guide (see Fig. 5.2) in order to avoid tool and/or workpiece damage. The normality

is defined as the bounded shear force F, < |F,| and torque T}, < |T,| throughout the oper-



ol

ation, which are measured by the F/T sensor. Additionally it is assumed that as the beam
deflection increases through the clamping operation, the corresponding normal force F, in

Fig. 5.2 will also increase.

\F/T sensor Flexible Beam\_.

Figure 5.2: Diagram of the tool contact point. The aim is to increase the normal force F,
to a predetermined level, while simultaneously minimizing the shear force F, and torque 7,
at the contact point to prevent any potential damage to the tool or workpiece. These forces
are measured with a force-torque (F/T) sensor in the coordinate frame of the tool contact
point as shown in red.

5.1.2  Current Stiffness-based Robot-pose Estimation

The normal force F, between the tool and workpiece is increased incrementally by moving
the robot towards the workpiece along the tool axis by Az, producing a change in normal
force AF, as illustrated in Fig. 5.2, where the the Force/Torque (F/T) sensor is placed
between the robotic arm and the tool. As the robot moves forward in the z direction at
each increment, the shear force and torque at the contact point between the tool and the

workpiece can change since the tool does not necessarily remain normal to the workpiece
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surface due to the additional deflection of the workpiece. The robot corrects for the change
in shear force and torque by moving the tool tip in the x direction and rotating around
the y-axis, in an iterative manner. The robot-pose correction can be found using estimated
robot-workpiece stiffness (from data), [2]. For example, the local change AF (AF,, AF,
and AT,) in applied forces and torques between the tool and the workpiece can be related
to change A® (A6, Ay and Afs) in the robot pose (Fig. 5.3) through the local stiffness
K(F,, X,,) that depends on the location X, of the applied force on the workpiece and the

magnitude of the applied normal force F,, [2, 28]

AF = K(F., X,,)) A®. (5.1)

The local stiffness K includes the effects of both (i) the workpiece stiffness and (ii) the robot
stiffness at the selected robot pose, and can be estimated from measurements of the change
AF in applied forces and torques and robot pose change A®. Corrective robot pose changes
A®, can be found from Eq. (5.1) for achieving a desired change in the forces and torque
AF,, as

AO,; = K 'AF,. (5.2)

Once the tool tip shear force and torque are within the desired thresholds of F, < |F,| = 7.5
N and torque T, < |T,| = 0.15 Nm. The incremental displacement along the z-axis continues
until the measured normal force F, reaches the required maximum normal force Z:"z =10 N
and the shear force F, and the torque 7}, are below the required thresholds. At every step in
the process the forces and torques, F., F, and T}, as well as robot joint angles 6, 6, and 05
are measured and recorded at the specific workpiece location X,,. As a result, one obtains
measurements of the robot pose map @(F,, X,,) as a function of the normal force F, at the

same specified location X,,.
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Robot

Figure 5.3: Research problem. The goal is to learn the robot-pose map @(F, X,,) comprising
of joint angles (61,02, 603) that result in a prescribed normal force F., while ensuring small
shear force F, and torque T, as in Fig. 5.2 at all S potential work locations points X,,.
Given prior measurements J at some locations, the active learning approach seeks to select
the optimal measurement point in the unexplored region S\ J.

5.1.8 Problem Statement

The existing method uses measured data to iteratively adjust robot-workpiece alignment
as the normal force is increased in slight increments while force normality (F, < |F,| and
T, < |T,|) is maintained. This process yields the robot pose map @(F, X,,), essential for
attaining a specified normal force F, at a designated location X, on the workpiece. It’s
important to note that the set S of potential workpiece locations is finite and the iterative

procedure must be repeated for each location X,, € § on the workpiece.

The research objective is to enhance the overall robot-workpiece interaction efficiency by
limiting the iterative process to only the necessary locations J € S. This approach speeds up
the overall process of learning the robot pose map ©(F,, X,,) from a minimal set of specified

normal forces F, and measurement locations X,, on the workpiece, leading to robot joint
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angles represented as:

0, = ©(F. X,). (5.3)

Specifically, this is an Active Learning problem that endeavors to best select the next mea-
surement location in the unexplored region of the workpiece based on the given J prior
measurements. Subsequently, the learned robot pose map @(F,, X,,) enables the inference
of the robot pose, (61, 65, 03) required to attain the desired normal forces F, at new locations

X, without the need for the iterative procedure.

5.1.4 Proposed Active Learning of the Robot Pose Map

The robot pose needed to achieve the desired normal force at different locations can be
learned using regressions techniques from the prior measurements on the workpiece, [52].
Briefly, each robot joint angle 6; (i = 1,2,3) can be considered as a zero-mean real-valued

Gaussian process (GP) over the input space W = [F,, XT]T
0,(W) ~ GP (o, (W, W’)) (5.4)

with covariance k(W,W’), and measurements given by 6;,, = 6;(W) + €, where € is an
additive, zero-mean, independent identically distributed Gaussian noise with variance o2,
i.e., € ~ N (0,6%). Then, the prediction 6, at W (new location and normal force), given M

measured data

Oi,m - [9i7m1 9i7m2 oo Qi,M}T (55)
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at inputs W = [W; Wy ... Wy, is Gaussian, i.e., 0,|W,y, W ~ N (é*, 03*) , given by [52]

0, (W) =KW, W)[K(W,W)+52I]"6;,, (5.6)
o2 (W) =KW, W) - K(W,W)[K(W,W)+0%I] " K(W,W) (5.7

with K (W, W) denoting the covariances evaluated at all pairs of measured input W and
the prediction input (location, normal force) W, and the other covariance matrices K (-, )

are defined similarly.

We assume that we are free to choose the order of opperations at the J measurement
locations on the workpiece. Then the sequence X, ; can be selected to speed up the learning
of the pose map ©(X,, F,). Active learning endeavors to minimize the effort of collect-
ing/labeling training data while ensuring model prediction accuracy, especially in scenarios
where the labeling cost cannot be ignored, [55]. One approach is to use Bayesian opti-
mal design of experiments to improve the expected information gain, i.e., maximizing the
information gain (the KL divergence between the current estimation and the hypothetical
next-step estimation), e.g., [56], of the pose map ©(X,, F,). However, the clamping and
unclamping operation takes a significant amount of time compared to the time needed to
make measurements all the variations of the normal force F, for each specified work location
Xy,j. Hence it is more efficient to collect all the normal force measurements at each work
location, and the active learning objective is modified to the just the optimal selection of
the next measurement location X,, j+1 after J sets of measurement locations. A modified
approach, based on the uncertainty () sampling method [57], is proposed here to select the
next measurement location X,, ;41 by maximizing the accumulated variance of all joint angle
predictions for the desired normal force F), at the unexplored locations X, , € Sy s 2 8\ S,

on the workpiece with S, ; = {Xw,j}‘j]:1 being the set of already explored measurement
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locations, i.e.,

K 3
X g1 = argmaxy, .es, Z Z 0’2[9i<kAFn, X))

k=0 i=1
— argmaxy, cs, ,0(Xuu)

= argmaxy, cg,  trace(X,), (5.8)

the steps of which are summarized in Algorithm 4. Here we are minimizing the trace of the

covariance matrix Y,, which maximizes the sum of the output variances o2 of the GPs, [58].

Note that the element at the i* row and j column of the covariance matrix ¥, €

R3EHX3E+D) describes the correlation between the random variable 6,(poAF,, X,,.,) and

0,(qAF,, X,y ) where p, g are given by the index maps
p = idxMap(i), ¢ = idxMap(j) (5.9)

with idxMap(s) = max(0,s —1)/(K + 1) + 1 (integer division), and po, gy are given by the
index force maps

po = idxMapp (i), go = idxMapg(j) (5.10)

with idxMapp(s) = mod(s—1, K +1). The maximum predicted standard deviation & among

the unexplored work locations
0 = maXx,, ¢S, ic(1,3)ke0,k]0 [0 (RAF,, Xy (5.11)

is used here to describe the uncertainty variation when more training data is collected, i.e.,

as the number of total measurement locations J increases.

In this application the set of manufacturing locations was discrete. For an unexplored
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Algorithm 4 Active Data-enabled Learning of the pose map ©

Require: unexplored set S, = S, required normal force F, and the normal force increment

B

9:
10:
11:
12:
13:

AF,, maximum standard deviation ¢ = 400, standard deviation threshold e, allowed
maximum number of measurements M, training set S;; = {}, robot pose map O(F, X,,)
comprising of GPs for joint angles 6;(F., X,,) (1 <1i < 3).

: Initialize(J = 1):

Set the robot to the initial pose as in Fig. 5.3 with interaction point X, ; and collect
Sn =A{Fsn, Xuw1, 01,02, 03} by the method in Section 5.1.2.
Update the unexplored set Sy, 1.
while J < M and 7 > € do
Sis < Sis | Sa-
Train the models 6;(-) with training set Sys.
Update the maximum standard deviation & using Eq. (5.11).
Obtain the next work location X, y;1 for collecting training data by maximizing the
accumulated variance as in Eq. (5.8).
Repeat line 2 with the selected location X, ;41 and corresponding initial pose.
Update the unexplored set S, ;11 by removing the X,, ;4 from the set S, ;.
J<—J+1.
end while
return the learned robot pose map O(F,, X,,).

set that covers a continuous space, gradient-based or Bayesian optimization methods, [59],

can be used to find the next clamping location X,, s4; in line 8 of Algorithm 4.

5.1.5 Linear Positioning Learning of the Robot Pose Map

In contrast to the Active Learning approach discussed in in Section 5.1.4, Linear Positioning

Learning of the robot-pose map ©(F,, X,,) is also explored, as a benchmark to compare

against. Specifically, the tool is moved across the unexplored region of the beam as shown in

Fig. 5.3, from one end X, ; to the other with a constant increment AX,,, i.e., the procedure

is the same as Algorithm 4 but with the active learning at line 8 replaced with selecting

the next location by adding 10 mm to the previous location X, 41 = Xy + AX,,. It is

noted that for manufacturing process such as clamping and drilling, the Linear Positioning
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Learning with incremental change of the tool position X, relative to the workpiece is a

reasonable procedure as it minimizes re-positioning efforts, [60, 61].

5.1.6  Rapid Robot-Workpiece Elastic Interactions

Once the robot-pose map ©(F,, X,,) has been learned, it can be used to increased process
efficiency. Predicted robot-workpiece interactions can be used to rapidly increase the nor-
mal force F, at unexplored locations X,, on the workpiece. The predicted robot-workpiece
interactions at unexplored locations, are reproduced at faster speeds by the same process
used in [1] at the prior measurement locations (as opposed to unexplored locations in this
article). The learned robot-pose map O(F,, X,,) is used to generate the required robot joint
velocity trajectories as it provides the necessary relationship between the normal force F;,
measurement location X, and joint angles 6; from Eq. (5.3). This allows for robot joint veloc-
ities trajectories to be created that can accommodate any specified time-based normal-force

profile and workpiece location.
5.2 Results and Discussion

Comparisons are made between the two methods (proposed Active Learning in Section 5.1.4
and Linear Positioning Learning in Section 5.1.5) to show the efficacy of active learning in
terms of the number of total experiments and the resultant ability to rapidly control the
Robot-Workpiece elastic interactions at the unmeasured locations.

In the experiment, following Algorithm 4, the set of measurement locations S consists of
11 evenly spaced locations from 315 mm to 415 mm, i.e., {X,} € [315 mm, 415 mm]| at 10
mm increments. Therefore, the constant increment AX,, in the Linear Positioning Learning
in Section 5.1.5 is set to AX,, = 10 mm. The required normal force F, = 10 N and the

normal force incremental AF,, = 0.5 N. The allowed number of measurements M = 11 and
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the standard deviation deviation threshold € = 0.01 rad is selected because the variation e

in the joint angles #; will break the normality.

5.2.1 Active Learning Requires Less Training.

Gaussian Process Regression methods with Active Learning requires less training compared
to the Linear Positioning Learning. The plot of the maximum standard deviation & with
respect to the number of measurement locations J is shown in Fig. 5.4. The total number of
J measurement operations needed to reach the threshold e value for the maximum predicted
standard deviation & from Eq. (5.11), is an indication of how well each learning process is
preforming. After J = 2 set of measurements, the maximum standard deviation & in Active
Learning process has reached a value of @ = 0.01 rad < ¢ = 0.01 rad and become flat. In
contrast, the Linear Positioning method does not achieve a similar state of @ = 0.01 rad until
J = 9 measurement locations have been completed. The number of measurements needed
with Active Learning is 77.8% less than the case without Active Learning to achieve a similar
level of model precision. Moreover, with an equal number of acquired set of measurements
(J = 2), the Active Learning process yields a maximum predicted standard deviation of
o = 0.01 rad, while without Active Learning, the standard deviation is @ = 0.41 rad. This
implies a notable 97.6% improvement in the maximum predicted standard deviation when
Active Learning is employed given the same number of measurement locations J = 2.

It is noted that the rate of learning can be improved using heuristics when compared to
the Linear Positioning learning if there is apriori knowledge of the part’s stiffness variations.
For the current beam example, one expects the structure stiffness to decrease continuously
as the robot moves towards the free end of the beam. Therefore, in this case, where the work
locations are arranged in a linear manner, a binary-search-type approach can lead to im-

proved learning compared to the Linear Positioning learning. The proposed Active Learning
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process leads to a training sequence which is close to a binary search, but it infers this in a
systematic manner from the measured data without the use of apriori knowledge about the
elastic interactions. Moreover, the Active Learning process is applicable in more complex
settings, without apriori knowledge of the combined robot-structure stiffness variations over

the set of work locations.
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Figure 5.4: Maximum standard deviation & for predicted robot joint angles in the unexplored
region of the workpiece as in Eq. (5.11) after J sets of measurements for training.
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j=11

Table 5.1: Sequence of location selections {X,, ;}j—; by Linear Positioning Learning (LPL)

and Active Learning (AL).

i TLPL]AL[ j |LPL|AL
Xoi1 | 315 | 315 | Xu7 | 375 | 325
X2 | 325 | 415 | Xus | 385 | 355
Xous | 335 | 365 | Xuo | 395 | 395
Xoua | 345 | 385 | Xu10 | 405 | 345
Xous | 355 | 335 | Xu11 | 415 | 375
X | 365 | 405

5.2.2  Force Normality at Unmeasured Locations

Gaussian Process Regression methods in conjunction with Active Learning enables the ef-
fective learning of the robot pose map O(F., X,,) to ensure force normality in areas of the
workpiece that are not directly measured. After J = 4 measurement locations in the Active
Learning process, the maximum standard deviation & has reduced to value of & =~ 0.008 rad
for the remaining unmeasured workpiece locations. In contrast, the Linear Learning process
yields a value of @ = 0.253 rad and continues to decrease substantially with further sets of
measurements, as can be seen in Fig 5.4. After J = 4 measurements the Linear Learning
process is selecting a workpiece location of X,, = 355 mm for the next measurement location
X5 as can be seen by the sequence of locations selected by each process in Table 5.1. This
workpiece location of 355 mm is used for a direct comparison of the ability of the GPR
predicted robot pose maps to achieve force normality under robot-workpiece interactions for

both the Active and Linear Learning processes.

Using GPR training sets S s selected by both the Linear and Active process, each con-
taining J = 4 measurement locations, predicted robot-workpiece interactions are conducted
at a workpiece location of 355 mm and at the same speed as the measurement process used

during training, taking 93 seconds. The prescribed sigmoidal normal force F), profile for the
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Figure 5.5: The prescribed sigmoidal normal force F, profile used at workpiece location
X, = 355 mm to predict joint angles in Fig. 5.6 with the robot pose map O(F,, X,).

predicted robot-workpiece interactions can be seen in Fig. 5.5, this is used with the pose
map O(F,, X,,) to to predict robot joint angles for the workpiece location of 355 mm as
seen in Fig. 5.6. Results from the predicted robot-workpiece interactions can be seen for the
the Linear process and Active process in Fig. 5.7. For the predicted interactions, acceptable
ranges for the shear force F, and the torque T}, are set to be two times the corresponding
positioning-error-based thresholds (the ultimate accuracy of the robot) from the robot-pose

estimation process in Section 5.1.2, |F;| < 15 N and |T}| < 0.3 Nm, respectively. By com-
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paring Fig. 5.7(a) and Fig. 5.7(b) it can be seen that the robot pose map trained with Active
Learning can effectively predict the joint angles and desired normal force profile needed for
the robot-beam interaction at the unexplored workpiece location of 355 mm but the Lin-
ear Positioning Learning cannot. Specifically, joint angle predictions made by the pose map
O(F., X,) trained with Active Learning ensures force normality and follows the normal force
profile closely throughout the clamping operation. However, joint angle predictions made
by the pose map O(F,, X,,) trained with Linear Positioning Learning results in a violation
of the force normality as the torque T} exceeds the acceptable value of —0.3 Nm and F,

diverges from the desired normal force profile.

5.2.83 Learned Robot Pose Map Speeds-up Operations

Active Learning enables high speed operations, which improves process efficacy. If the pose
is being learned during the clamping process, then the rate of change of normal force has
to be small to ensure that the changes in deformation are small and do not cause excessive
shear force and torque before the robot pose is corrected. However, after learning the pose
map, the rate of change of normal force can be higher. In particular, using the pose map
O(F., X,,) from the Active Learning process and the methods described in Section 5.1.6
it is possible to increase the predicted robot-workpiece-interaction speeds at unmeasured
workpiece locations. The increased speeds are accomplished by reducing the time scale of
the prescribed sigmoidal normal force profile in Fig. 5.5 which subsequently reduces the time
scale of the predicted robot joint angles in Fig. 5.6 by the same amount. The resulting shear
forces F, and torques T, for predictable interactions at a workpiece location of X,, = 355
mm are presented in Fig. 5.8 and Fig. 5.9 respectively. With increasing interaction speeds
of 1, 2, 4, and 8 times the original measurement process operating speed of 93 seconds, the

shear force F, remains well within the acceptable range of |F,| < 15 N and the torque Ty
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Figure 5.6: Predicted robot joint angles for a robot-workpiece interaction at a location of
X, = 355 mm, for the Active Learning process. The solid line in each plot is the predicted
value for each joint angle, the shaded area around each line is the standard deviation of each

prediction.
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approaches the upper limit yet remains within an acceptable range of |T,| < 0.3 Nm. This
indicates that force normality with the workpiece is maintained up to 8 times the original
interaction speed. The process takes only 11.6 seconds and is a 87.5% reduction in the time
needed for the robot-workpiece interaction. Thus, force normality at unmeasured workpiece
locations can be ensured and the clamping operation can be sped up by the robot pose map

O(F,, X,,) that is trained with the Active Learning approach.

0 20 40 60 80 100
Time (s) Time (s)

(a) Linear Positioning Learning (b) Active Learning

Figure 5.7: Measured forces and torque for the GPR predicted interaction at the unmeasured
workpiece location of X,, = 355 mm. The desired normal force profiles are are shown by the
dotted red lines and acceptable force and torque limits are shown by the dashed red lines.
(a) The Linear Positioning Learning process can not accurately correct for the robot-beam
interaction and maintain force normality, as the torque T}, exceeds the permissible torque
limits. (b) The Active Learning process can, however, effectively correct for the robot-beam
interaction and maintain force normality without exceeding any of the permissible limits on
shear force F, or torques Tj,.
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Figure 5.8: Force normality at high operating speeds. Measured shear force F,, with the
Active Learning GPR predicted pose trajectories at the workpiece location X,, = 355 mm

as the interaction speed is increased, remains within acceptable shear force limits indicated
by the dashed red lines.
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Figure 5.9: Force normality at high operating speeds. Measured torque 7}, with the Active
Learning GPR predicted pose trajectories at the workpiece location X,, = 355 mm as the
interaction speed is increased, remains within acceptable torque limits indicated by the
dashed red lines.

5.3 Chapter Conclusions

This study developed and assessed a data-enabled active learning method for the interaction
of robots with flexible structures, taking into consideration the elasticity of both the robot
and the workpiece. The approach employs Gaussian Process Regression techniques to acquire
the robot pose map for achieving a desired normal force at specific unmeasured points on the

workpiece while ensuring small shear force and torques (i.e., ensuring normality) between the
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tool and workpiece. Experimental results demonstrate that the active learning approach can
significantly reduce the required number of measurements to learn the pose map by 77.8%.
Additionally, once the pose map is learned, it proves effective in predicting robot-workpiece
interactions at unmeasured locations as well as maintaining tool-workpiece normality at eight

times the original operating speed.



69

Chapter 6

SUMMARY AND FUTURE WORK

6.1 Summary

The primary contributions of this thesis are as follows: Firstly, it demonstrates that data
collected during robotic clamping operations can be learned and utilized to expedite sim-
ilar processes. By leveraging the learned parameters, a map between the measured forces
and robot joint positions is created to develop time-based robot-joint (velocity) trajecto-
ries, ensuring a specified robot-workpiece interaction. Experimental results indicate that the
operational speed can be increased while maintaining interaction forces and torques within
acceptable limits. Secondly, it shows that with a minimal number of learned measurement
locations, controlled interactions, such as clamping operations, can be efficiently predicted at
unmeasured locations. Gaussian Process Regression methods are introduced as an effective
means to predict interactions, leading to increased interaction speeds at workpiece locations
where controlled interactions have not been previously performed. Additionally, to reduce
the number of measurement locations, a method is developed using existing interaction data

to optimize measurement location selection by minimizing prediction uncertainty.
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Research Timeline

RQ1: RQ2:
At a single location on a workpiece how can an elastic interaction between the robot and workpiece be How can robot-workpiece interactions at locations
learned and reproduced efficiently, when neither the stiffness of the robot or workpiece are known a priori? where interactions have not directly been learned, be
efficiently predicted from a minimum number of known
measurements?
MC1.1: MC1.2: MC2:
Learn and reproduce controlled interactions at Stiffness estimation based Controlled Interaction With a minimum number of known measurement
measured locations even though the stiffness of the Algorithm for control of robot-workpiece elastic locations efficiently predict controlled interactions at
workpiece is unknown or hard to model. interactions unmeasured locations.
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Figure 6.1: Timeline of research with research questions, main contributions and related
publications [1, 2, 3.

The main contributions of the dissertation are outlined in Fig. 6.1, with further elabora-

tion on these contributions provided subsequently.

1. Chapter 3 addresses the main contribution MC1.1; Learn and reproduce controlled in-
teractions at measured locations even though the stiffness of the workpiece is unknown
or hard to model, and has been published in [1]. Efficient and accurate robotic inter-
actions with flexible structures are critical for many manufacturing processes where
the elasticity of the workpiece and the robot must be accounted for. In particular,
for clamping and drilling flexible structures, maintaining tool-workpiece normality and
limiting shear forces are essential. The main contribution of this chapter is to show

experimentally, that data acquired during a robotic clamping operation can be used to
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speed up the process for similar operations. Utilizing the learned parameters, a map
between the measured forces and robot joint positions is used to develop time-based
robot-joint (velocity) trajectories to achieve a specified robot-workpiece interaction.
Experimental results show that the operating speed can be increased by three times

while maintaining interaction forces and torques within acceptable levels.

. Chapter 4 addresses the main contribution M C1.2; Stiffness estimation based Controlled-
Interaction Algorithm for control of robot-workpiece elastic interactions, and has been
published in [2]. The challenge is that the combined stiffness of a robot and work-
piece, needed to control the robot-workpiece elastic interactions are often difficult to
model and can vary due to geometry changes of the workpiece caused by large defor-
mations and associated pose variations of the robot. The main contribution of this
chapter is an algorithm, (i) to learn the robot-workpiece stiffness relationship using
a model-free data-based approach and (ii) to use it for applying desired forces and
torques on the elastic structure. Moreover, comparative experiments with and without
the data-based stiffness estimation show that clamping operating speed is increased
by four times when using the stiffness estimation method while interaction forces and

torques are kept within acceptable bounds.

. Chapter 5 addresses the main contribution MC2; With a minimum number of known
measurement locations efficiently predict controlled interactions at unmeasured loca-
tions, and has been submitted for publication as a journal article [3]. During man-
ufacturing processes, for instance clamping and drilling elastic structures, it’s crucial
to maintain normality of the tool-workpiece forces for minimizing shear forces and
torques to avoid tool or workpiece damage. The difficulty lies in precision model-based

predictions of the relatively-large deformations as the applied force is increased, due
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to the robot-workpiece elastic interactions, which are needed for selecting the appro-
priate robot pose that ensures force normality. Therefore, recent works have used
force-displacement measurements at each work location to select the robot pose for en-
suring tool normality — however, such local-estimation-based approach at each work
location can be slow and therefore, time prohibitive. The main contributions of this
chapter are: (i) to use Gaussian Process Regression (GPR) methods [24] to learn the
robot pose for force normality at unmeasured workpiece locations; and (ii) to use active
learning for optimally selecting and minimizing the number of measurement locations
needed for accurate learning of the robot-pose map with the data enabled approach.
Experimental results show that the number of data points needed with active learning
is 77.8% less than the case with a benchmark Linear Positioning learning for the same
level of model precision. Moreover, the learned robot-pose map enables rapid increase
of the normal force in the presence of elastic interactions at unmeasured locations on
the workpiece, reaching speeds up to eight times faster than the original interaction

speed when the robot is learning the correct pose.
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6.2 Future Work

This section explores possible future work for control and prediction of robot-structure elastic

interactions, informed by the findings of this dissertation.

1. The robot-workpiece elastic interactions studied in this dissertation are limited to a
planar interaction (requiring a 3 degree of freedom robot) with a workpiece that has
smooth stiffness variations. Demonstrating that the methods presented here are gener-
alisable would prove valuable in real world applications. An application such as robotic
drilling, requiring a 6 degree of freedom robot where the relative robot-workpiece stiff-
ness changes rapidly as the drill bit exits the workpiece would naturally extend this
work as many of the same constraints are required (limiting F, and 7, while con-
trolling F,). Therefore, future research could explore interactions that require a full 6

degree of freedom robot and workpieces that have highly variable stiffness variations.

2. In this dissertation the set of robot-workpiece interaction locations was limited to a
discrete set of known locations on the workpiece. However, for many manufacturing
operations this may not be the case, a continuous set of possible workpiece locations
may be available. For an unexplored set of workpiece locations that cover a continuous
space, gradient-based or Bayesian optimization methods, [59], could be used to find the
next workpiece location X,, sy in line 8 of Algorithm 4. Therefore, future research can
explore the feasibility of controlling and predicting elastic interactions between robots

and structures across a wider range of manufacturing applications.
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Appendix A
ALTERED ROBOT-BEAM CONFIGURATION

A.1 Reproduced Interaction with Robot-Beam Configuration Altered by 2.5mm

In the altered robot-beam configuration, the tool-beam contact location is moved 2.5mm
closer to the beam mounting point, away from the location where the controlled-interaction
took place. The measured normal forces F. for each reproduced interaction with the altered
robot-beam configuration are plotted in Fig. A.1. For this case the measured normal forces
are very similar to the original robot-beam configuration as seen in Fig. 3.7 and F,, reaches
and maintains a steady state force of &~ 91% to 94% the target 10N force.

Interaction torques T, for the altered configuration reproduced interaction are plotted
in Fig. A.2. Once again the measurements are very similar to the original robot-beam
configuration as seen in Fig. 3.8, T, remains well within the acceptable range of +0.1Nm
and tool normality with the workpiece is maintained up to 4X the original interaction speed.

Shear forces F), for the altered configuration reproduced interaction are plotted in Fig.
A.3. Notably for this case the similarities to the original robot-beam configuration no longer
hold. For all of the interaction speeds F exceeds the acceptable range of £4 N about halfway
through each interaction.

For the altered configuration, an accurate controlled-interaction cannot be reproduced, as
shear forces become unacceptable at every interaction speed. This result suggests that small
geometric changes in the robot-beam interaction have a significant impact on interaction
forces between the tool and workpiece in the shear F). direction. Additionally, in the Altered-

configuration the stiffness of the beam in the F, direction dominates the interaction.
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Figure A.1: Measured normal force as speed is increased for the altered robot-beam config-
uration (tool-beam contact location 2.5mm closer to the beam mounting point).

A.2 CONCLUSIONS

This experimental effort shows that robotic interactions with flexible structures can be
learned through data-based methods, however geometrical changes in the robot-workpiece
relationship can cause unacceptable errors in a reproduced interaction. The geometrical re-
lationship of the robot and workpiece must be accounted for, even for small changes. If the
robot-workpiece contact location is changed, the learned interaction can not be successfully
reproduced as large shear forces occur that are beyond acceptable limits. These failures take

place at any interaction speed, even the initial learned speed. The failure modes presented
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Figure A.2: Measured interaction torque as speed is increased for the altered robot-beam
configuration (tool-beam contact location 2.5mm closer to the beam mounting point). Ac-
ceptable interaction torque limits are indicated by the blue lines.

here show that the stiffness of the beam dominates the process when the interaction fails

in shear. A method that can mitigate excessive shear forces for the altered configuration
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Figure A.3: Measured shear force as speed is increased for the altered robot-beam configu-
ration (tool-beam contact location 2.5mm closer to the beam mounting point). Acceptable
shear force limits are indicated by the blue lines.

interaction is required to conduct additional controlled-interactions at a other positions on

the beam that have not been learned.
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Appendix B
MINIMUM ACHIEVABLE ROBOT JOINT MOVES

The minimum achievable joint motion for each axis of the robot is displayed in Figures
B.1, B.2 and B.3. For each robot joint there is a region of approximately +0.005rad where

a commanded motion of the robot will result in effectively no motion of the robot joint.
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Figure B.1: Minimum achievable robot joint motion for Theta 1.
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Figure B.2: Minimum achievable robot joint motion for Theta 2.
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