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SUMMARY

As a consequence of the wide adoption of co-bots, the demand for robots that could
provide dexterous manipulation in contact-rich and dynamic environments is rising. It could
help improve the safety, e ciency, and accuracy of mundane manipulation tasks in appli-
cation domains such as medical, warehouse, assembly, and biological tissue manipulation.
In addition, it could bene t advance other emerging domains such as assistive robotics and
rehabilitative robotics. Yet, dexterous contact-rich robotic manipulation presents several
challenges, including kinematic dexterity limitations, contact modeling di culties, adapting
to the changing contact parameters, and incorporating contact(e.g., soft material) in trajec-
tory planning. We address these challenges through techniques that span the intersection of
kinetic analysis, mechanism design, adaptive force control, and trajectory planning.

Robot Kinematic Dexterity: First, we develop a novel metric to evaluate the dexterity
of kinematically constrained (e.g., joint limits, self-collisions) robotic systems. We show its
e cacy on 2D redundant chains to generate capability maps, motion generation priors, and
motion feasibility inference.

Kinetic Relevance: Towards developing robots for contact-rich tasks, we show the im-
portance and the relevance of the kinetic (i.e., force) aspect in robotic manipulation. For
that, we use a custom-designed force platform to evaluate the kinetics of human trials per-
formed on bi-manual tasks such as suturing and needle insertion. We use it as the basis for
incorporating force perception and control in our work.

Adaptive Force Admittance Control:  Contact properties vary with the material and
surface type. To maintain a stable contact in manipulation tasks while keeping a safe force
threshold, an adaptive mechanism is required to probe the changing contact properties and
adapt the controller to them. We demonstrate using a custom-designed probe that could
be used independently of the robot's con guration to probe the sti ness of the contact in

real-time. Then, use the estimated parameters to adapt the admittance force controller to

XiX



maintain a stable and safe contact throughout the motion.

Contact-aware Trajectory Optimization: Finally, we demonstrate the importance of
using local contact models and the need to incorporate them in trajectory optimization. We
show the real-time execution of the framework in Model Predictive Control (MPC) fashion

and the capability of the system to undertake bounded motion disturbances.

XX



CHAPTER 1
INTRODUCTION AND MOTIVATION

1.1 Introduction

Human-robot collaboration is becoming more prevalent with applications in diverse indus-
tries such as medicine, manufacturing, healthcare assistance, space, and remote manipulation
tasks in hazardous environments. The demand for dexterous, versatile, and safe robots is
rising for applications that require versatility and contact safety. Robot kinematic dexterity,
force perception, modulation, and contact-aware trajectory planning are vital components
in providing the desired performance. The need for dexterous remote technologies was high-
lighted during the COVID-19 pandemic where the need for remote telepresence was desired,
primarily in the healthcare and medical sectors to minimize human contamination with in-
fectious diseases[1]. In such a scenario, it is desired to have motion continuity and care for
the contact safety with the environment. Moreover, Robotic Minimally Invasive Surgeries
(R-MIS) have become a mainstream (as shown in Figure 1.1) method for safe and reliable
laparoscopic surgery. Yet, the automation of these methods is prohibitive due to the lack
of safety guarantees in the interaction, the sparsity of data, and the limited dexterity in
redundant systems due to kinematic constraints. Having force modulation capability and
adaptability to varying contact environments could help safely deploy these technologies.
This thesis work is comprised of two key contributions focused around robot dexterity
and contact-aware manipulation. First, we present a sampling-based metric for evaluat-
ing dexterity in redundant robot systems with joint limits and self-collisions. It provides
insights into optimal base placement, generating superior priors for motion planning and
capability maps for task planning. Second, a general framework for trajectory planning with

contact awareness in a compliant environment is presented. It includes contact parameter



Figure 1.1: Examples of contact rich manipulation. Contact-based manipulation tasks in
the applications of medical robotics[2, 3, 4] and assembly[5]. upper-left, stapling on a soft
tissue, bottom-right, force modulation on a pulsating specimen

identi cation, force control, motion planning, and real-time experimental execution.The
overall contribution of this thesis is to identify the fundamental issues and requirements
related to the robots working in contact-rich and dynamic environments. Then, to provide
practical solutions and insights to how kinematic dexterity, force control adaptation, and
contact-aware trajectory planning can be incorporated with experimental results. The
overall premise is illustrated in Figure 1.2 where each component of the thesis is connected
to the primary goal of improving robots for contact-rich dexterous manipulation.

Figure 1.2 summarizes the overall contributions of the work presented in this thesis doc-
ument. Robot dexterity, Force perception, and Force perception-enabled robot designs are
instrumental in designing robots for contact-rich manipulation. Moreover, contact parame-
ter estimation and safe trajectory planning can accommodate safe planning in constrained
environments. Depending on the analysis of manipulation task kinetics, the need for the de-
gree of force perception (e.g., the resolution, the accuracy, and distal/proximal perception)

could be decided. Overall, robots of this nature would require all of these aforementioned



Figure 1.2: Scope and the individual contributions of this thesis. The arrows indicate the
relationships between each contribution. Overall, robot dexterity and robot force control
together could make dexterous and safe systems.

components while individual components could vary depending on the task (e.g, application

domain) in hand.

1.2 Motivation

1.2.1 Dexterity in Constrained Redundant Robotics

Redundant robotic systems are available for numerous domains of applications such as min-
imally invasive surgery[6], combat and security, hazardous environment exploration, main-
tenance, and repair, or on-orbit servicing [7]. These systems have a wide range of kinematic

and dynamic capabilities where task characteristics vary in the application domain. For in-



stance, tasks in the medical domain require dexterity in the wrist in a con ned space, while
an healthcare assistive robot needs positional dexterity over a large area. The kinematic
dexterity of robots is primarily governed by the design and morphological structure of the
robot. However, it is limited by the joint limits and self-collisions of the robot structure. Nu-
merous analytical methods quantify robots' dexterity measure along with self-collision, joint
limits, and environmental obstacles. Although these methods provide a good approximation
of the local dexterity, they fail to capture the dexterity provided through the redundancy
of the robot e ciently. For example, when any one joint is close to its limit, the rest of
the redundancy can compensate for the constrained joint. This is not captured through
analytical methods.

We present a sample-based technique to infer the feasibility of probabilistic motion in the
joint and Cartesian spaces. It can provide probabilistic inference for optimal base placement,

generating superior priors for motion planning and capability maps for task planning.

1.2.2 Kinetic Aspectof Robotic Tasks

Manipulation tasks are composed of two components, namely, kinematic and kinetic. The
motion falls under kinematics, while external forces imparted on the environment fall under
kinetic data. Especially in surgical tasks, kinematic and kinetic components play a signi cant
role. Moreover, the captured kinematic data analysis can provide improved insights into
activity skill assessment, activity recognition, and robot design. For instance, surgical skill
assessment methods are often based on the kinematics of manual surgical instruments during
tool-tissue interactions. Kinetic data would also provide a rich data set that could be used
to analyze automated surgical motion segmentation and classi cation algorithms. It could
further provide insights into robot design.

We show experimentally the importance and the relevance of the kinetic aspect in robot
manipulation. The analysis will provide insight into force control strategies and mechanisms

for the design of robots.



1.2.3 Force FeedbackEnabled Robots:

For the past three decades, dexterous manipulation has drawn signi cant attention in the
robotics research community. Nowadays, force modulation capabilities are required for an in-
creasing number of applications ranging from the assembly of small-scale electro-mechanical
systems, such as micro-robots and printed circuit boards (PCBSs), to laboratory experiments
(e.g., cell manipulation) and surgery. Robotic systems are often developed for such tasks
because the requirements for precision, dexterity, and force modulation at small scales typi-
cally lie outside the range of human manual manipulation capabilities. Most of the industrial
robot systems are designed to be used for a speci c application and these applications can
impose several performance requirements on the design, including those related to motion
range, precision, and management of non-conservative forces (e.g., adhesion, and frictional
forces). One of the most crucial requirements in robots may be the ability to provide force
feedback to the controller - whether teleoperated or autonomous - to prevent excessive force
application and to guarantee safety. However, the implementation of force feedback can entail
manufacturing and operational costs that limit the feasibility or e cacy of these systems.

We present a force-feedback-enabled robotic design with a dexterous wrist to demonstrate
the applications and advantages of having force-feedback. We enable force feedback by
placing a force-torque sensor distally to the end-e ector. We demonstrate the applicability

of it on a few tasks that require force-feedback, such as needle insertion and palpation.

1.2.4 SimultaneousForce and Motion Control:

Within the medical domain, planning and control of the interaction forces between a robot

and its environment are essential to various safety-critical tasks[8, 2]. For instance, the
interaction force should be modulated accurately in compliant environments, such as surgical
settings, micro-assembly, or biological tissue manipulation. Furthermore, force control based
on identi able physical models is essential to identify instability modes (e.g., those caused

by the bandwidth and system structure) and maintain reliable force interaction to guarantee
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safety. Therefore, a model-based trajectory planning method with a high- delity contact
model is essential for successful deployment with good motion and contact force tracking
performance.

We identify the fundamental problems in force-controlled manipulation such as insta-
bility, local contact modeling, and distributed real-time trajectory planning in a surgical
setting. We present practical solutions for contact modeling, contact parameter estimation,

and trajectory planning in contact-rich tasks.



CHAPTER 2
ROBOT DEXTERITY AND FORCE CONTROLLED MANIPULATION

Chapter 1 introduced and discussed the high-level motivation and contributions of the work.
This chapter discusses fundamental concepts and the current state of the art of each con-
tributing topic presented in this thesis. To reiterate, we focus on improving robot dexterity
and incorporate force control in manipulation tasks to enhance dexterity, safety, and adapt-

ability. 1t would help advance the eld to deploy the robots safely and act intelligently.

2.1 Robot Kinematic Dexterity

Figure 2.1: Redundant robotic system. Redundant systems are kinematically limited by
joint limits, environmental and self collisions.

Humans possess a highly dexterous and adaptable kinematic structure resulting from the
combination of redundancy and a task-based kinematic control strategy. Although robots
possess a high degree of freedom to generate dexterous motion, it is required for the motion

generator to be aware of the system's kinematic constraints, self-collisions, and redundancy.
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The robot's dexterity is limited due to many factors such as joint limits, self-collisions, and
redundancy resolution are a few factors to name (as illustrated in Figure 2.1). To include the
in a motion generation framework, it is required to have a quanti able measure for dexterity.
To quantify the robot dexterity, many analytical[9, 10, 11] methods have been proposed.
However, these measures do not capture the global dexterity at the task level but at a local
level. For instance, Eqg. 2.1 represents the quanti ed dexterity which gives a measure of the
proximity to a particular con guration. Furthermore, the measure Eq. 2.2 provides the local
directionality of the dexterity by taking the ratio of maximum and minimum eigenvalues
of the Eq. 2.1. Both these measures are de ned for an unconstrained setting. To include
constraints such as obstacles and joint limits, the Jacobian could be scaled appropriately to

re ect the proximity of each joint to its joint limit or an obstacle.

di(q) =det(JJ T) (2.1)
min JJ T
d(q) = 33T (2.2)

The scaled version of the jacobian could be written as Eq. 2.3 whewe: : : w, are the scalars

which is transformed through a normalized weighing function (e.g., gaussian kernal)
2 3
w; 0 O
J scated = E o . 0413 (2.3)
0O 0 w,

The dexterity values are derived from the Jacobian at a con guration; they are purely local
measurements valid only for a small-neighborhood around a con guration. Therefore, the
attested capability to move from one pose to another may not be feasible in the desired
direction due to joint limits and self-collisions. Moreover, these measures do not provide

information of the local region it could move within without any discontinuities in the joint

1J = J (q) represents the manipulator jacobian which is con guration dependant



and cartesian space. In contrast, the task-level dexterity (i.e., the ability to complete a
task without interruption) is addressed in the studies[12, 13, 14] by de ning a global metric
through discretizing the pre-computed task trajectory. Then, each task way-point is evalu-
ated for dexterity measure as de ned in Eq. 2.4, and the average dexterity is computed (as

lllustrated in the Figure 2.2).

d3(q) = min fdi1(q) :::dii(q) :::din(d)g (2.4)

where task is discretized toN points and for each way-point, the dexterity is evaluated
according to Eq. 2.1. This approach has drawbacks especially in redundant systems, due to
its existence of in nite IK (Inverse Kinematics) solutions and kinematic constraints. Conse-
guently, for the same task motion, multiple dexterity values could exist, and is dependant on
the IK solver method used. To solve it, redundancy resolution is used where the null-space
of the jacobian is used to optimize for a secondary objective such as obstacle avoidance,

joint-limits, and self-collisions[15, 16].

Figure 2.2: Redundant Robotic System. Task dexterity computation with discretized motion
trajectory. The manipulabillity is computed at each discretized points

Another method for measuring task dexterity is through generating o ine task manipu-

lability maps. There are several measures such as reachability[17], orientation-based reach-



ability[18] and grasp capability[19, 20]. To create the capability map, they discretize space
around the robot into 3D points (voxels) and discretize the range of possible orientations
around each 3D voxel. The capability score (also known as reachability score) is the number
of orientations the robot has a valid IK solution. In [21], a hybrid approach was proposed to
mitigate the burden of generating an IK solution for each voxel. Another way to interpret
the meaning of this score is if a goal pose is located at the 3D location, the capability score
is similar to the probability which the manipulator can reach the pose. However, many IK
solutions exist in redundant systems for the same cartesian pose. Since the capability map
approach is primarily based on the reachability of a discretized cartesian spa&H(3)), some
properties in the the robot con guration space((), such as joint space connectivity, manipu-
lability, and proximity to singularities are not captured. Moreover, the IK solver is sensitive

to the initial guess and the evaluation method (e.g., di erential kinematics, constrained op-
timization). For highly redundant systems (e.g., humanoids), this approach requiring 1K
solutions computation would become infeasible or highly computationally costly due to the
dependence of many IK solutions. Conclusively, the limitations of the current methods could

be summarized as follows

1. The analytical dexterity measure is a local measure that does not capture the entire task
dexterity. Thus, in completing a task entirely, the robot could encounter limitations

in the joint space, such as joint limits and self-collisions.

2. Scaled dexterity measures estimates the worst-case dexterity. In other words, in a
redundant system, the proximity of a single joint to its limit can cause the scaled
manipulability (Eq. 2.1) to degenerate completely. In contrast, the redundant degrees

could still compensate.

3. In redundant systems, IK solutions are in nite. Therefore, global dexterity mea-

sures[13, 14] used are sensitive to the choice of IK solver.

Considering these limitations, our approach aims to formulate a dexterity measure based
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on the robot's ability to move in the Cartesian space along with joint limits and self-collisions.
The work presented in [22] is closer to our work where Monte-Carlo sampling was used to
estimate the reachability for a highly redundant humanoid robot. Our dexterity measure
is based on the sampled joint space, that is well suited for redundant systems since it is
independant of solving IK. In summary, our method addresses the issues mentioned above

as follows.

1. Sampling in the joint-space and estimating densities in the Cartesian space makes it
independent of the IK solver method. Therefore, our method is well suited for systems

with redundancy.

2. Our method estimates a larger reachability volume in the cartesian space than manipulability-

based methods that estimate the reach-ability locally.

3. Our method takes joint limits and self-collisions into account. Moreover, the best-case
dexterity or manipulability is estimated. In other words, even if some of the joints are

at their limit, the redundancy could compensate for it.

2.2 Kinetic Aspect of Manipulation Tasks

The relevance and importance of the kinetic component are of manipulation often neglected
in industrial robotic systems. It is primarily due to the minimal direct interaction of the
system with the environment, or the interaction is not safety-critical. However, depending
on the application, the kinetics of manipulation can be one of the vital components to be
considered. Human-robot interaction or any contact-rich task are some example applications.

We demonstrate how we can retrieve useful kinetic components of manipulation from
human trials and replicate them in a robotic system equipped with force perception.

This work is based on the previously published articles:

{ L. Wijayarathne , F. L. Hammond, "Kinetic Measurement Platform for Open Surgical

Skill Assessment”, Journal of Medical Devices, 2017
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{ L. Wijayarathne, B. Blaise, D. Ward, F. L. Hammond, "Force Feedback-Enabled Dex-
terous Robotic Micromanipulation Platform for Surgical Tasks", in IEEE International

Conference on Robotics and Biomimetics (ROBIO), 2018

2.3 Force Control in Dynamic Environments

Figure 2.3: lllustration of Force Controlled Tasks where Environment is Dynamic, and Con-
tact Properties are varying. Both the Robot and Environment could be treated as Mass-
Damper System.

With robots becoming ubiquitous and taking over traditional human-centric tasks in
many application domains, making robots robust and safe is important. In many human-
centric tasks, contact with the environment is involved in addition to motion. For instance,
consider a scenario as illustrated in Figure 2.3. The robot works on a safety-critical task, such
as in the medical domain. For simplicity, the environment and the robot can be modeled as
a non-linear spring-damper and a mass-spring-damper system, respectively. To successfully
and safely deploy a contact-rich task, it is imperative to consider the safety of the environment
and the robot itself. Furthermore, to successfully perform force control on a robot, one

needs to consider the stability, the nature of the environment, and the robot impedance. In
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general, depending on the task, for a sti er environment, it is desired to have a relatively low
impedance and vice versa[23]. For the robot to exhibit such behavior, information about the
interaction environment is required. Furthermore, contact parameters need to be estimated
fast enough to adapt to any dynamic variations of the environment.

The control of the contact forces between a robot and its environment is essential to
various safety-critical applications. Some examples include force modulation in compliant
environments, such as interactions in a surgical setting, micro-assembly, or biological tissue
manipulation. In the literature, a study on force control dates back about four decades,
and various control methods have been intensively studied and applied[16]. Despite this,
applications of force control schemes in safety-critical domains are not widely utilized due
to the complexity involved in the implementation of control schemes, incompatibility with
industrial controllers, spatial constraints, or the inability to adapt to temporal or spatial
variations of impedance parameters. To mitigate the above problems, model-based and
data-driven techniques have been studied to improve force control; however, they lack guar-
antees on safety and force tracking performance[24] as desired in uncertain environments.
For successfully integrating force control techniques for manipulators working in uncertain
environments, simplistic robust models, rich excitation inputs for parameter estimation[25,
26], adaptable control schemes, and e ective feedback control schemes are essential to de-
veloping robust schemes with desired performance. Potential applications could span from
medical to industrial robotics where force control in the environment is needed.

The limitations of current approaches could be summarized as follows:

1. Manipulator (e.g., the system) con guration dependency in generating excitation tra-

jectories for the parameter estimation problem
2. Lack of persistent excitation for parameter estimation
3. Lack of stability guarantees when environment properties vary

Considering these, we present a potential solution to generate con guration independent
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persistent excitation to estimate contact parameters and incorporate them in the force control
loop for safe contact rich manipulation in a compliant environment. This work is based on

the previously published article:

{ L. Wijayarathne and F. L. Hammond, \ldenti cation of Compliant Contact Param-
eters and Admittance Force Modulation on a Non-stationary Compliant Surface,” in

2020 IEEE International Conference on Robotics and Automation (ICRA), 2020.

2.4 Trajectory Planning Contact Awareness

Section 2.3, discussed the issues related to low-level force control when the environment
parameters are varying. To perform a complex task, it needs a planning framework that
takes the model of the world and generates trajectories. In most planning frameworks, only
kinematic or kino-dynamic models are considered. However, it is important to integrate
contact information in the planning framework to perform contact-aware motion planning
for safety in tasks rich in contact. While kino-dynamic or robot dynamic models are relatively
easier to derive, modeling the contact is challenging. Furthermore, contact modeling depends
on the nature of the contact. For example, rigid-rigid, rigid-soft, and soft-soft are the primary
classes of contact modeling, and techniques and constraints related to each depend on the
contact class.

Unlike rigid contact models, soft contact models are subject to challenges posed by non-
linear material properties, non-uniformity, and an intensive computation burden due to
numerical solutions. Numerous contact models have been presented in the literature to model
interactions involving elastic deformation [27, 28]. These models have broad applications and
are essential in many engineering areas such as machine design, robotics, multi-body analysis,
to name a few. For contact problems that involve elasticity, Hertz adhesive contact theory
has been well established[29]. In this work, we focus on robotic tasks interacting with soft
tissues, the contact behavior of which is determined by not only external and viscous forces,

contact geometry, but also material properties (see Figure 6.1). The soft contact mechanics
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are crucial in the physical model identi cation for motion planning applications in surgical
robots.

Many robotic tasks require motion planning in the presence of contact in a constrained
environment. Simultaneous trajectory generation and force control enable sophisticated
manipulation tasks while interacting with complex objects. As a promising approach along
this direction, trajectory optimization with contact models has been extensively investigated
in the robotics community [30, 31, 32, 33, 34, 35, 36, 37]. By incorporating the contact
dynamics into the optimization, contact-dynamics-consistent motions can be planned for
complex robot behaviors, such as dynamic locomotion or dexterous object manipulation. A
majority of them focused on rigid contact dynamics [30, 31, 32, 33, 34]. whereas [35, 36, 37]
directly integrated a soft contact model inside the system dynamics, and implicitly optimized
both contact force and other control inputs. In [38], a soft contact model was taken into
account inside the optimization formulation for whole-body locomotion control. However,
most of the works above assumed spring-damper type soft contact models, which still largely
mismatched the contact surface deformation or elasticity in reality. The limitations of current

approaches could be summarized as follows:

1. Force-controlled robots are well suited for contact-rich tasks over position-controlled
robots. However, force-controlled robots' motion/force tracking performance in contact-

rich tasks is inadequate due to inaccuracies or lack of contact modeling.
2. Lack of contact model awareness in Trajectory Planning (TO)

3. Lack of safety guarantees in robotic manipulation in contact-rich tasks.

To address above limitations, we present a real-time feasible distributed Trajectory Op-
timization (TO) framework with a embedded contact model that could be deployed in real-
time. Our approach results in enhanced motion and force tracking performance on a soft

silicon padded surface. This work is based on the previously published articles:
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{ L. Wijayarathne, Q. Sima, Z. Zhou, Y. Zhao, and F. L. Hammond, \Simultaneous
Trajectory Optimization and Force Control with Soft Contact Mechanics," in 2020
IEEE/RSJ International Conference on Intelligent Robots and Systems (IROS), IEEE,
2020.

{ L. Wijayarathne, Z. Zhou, Y. Zhao, and F. L. Hammond, \Real-Time Deformable-
Contact-Aware Model Predictive Control for Force-Modulated Manipulation™, preprint,

2022
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CHAPTER 3
ROBOT KINEMATIC DEXTERITY MEASURE AND ITS APPLICATIONS

3.1 Introduction

Autonomous robots are growing in popularity as a way to improve productivity and enhance
manipulation capabilities in diverse elds such as aerospace, medical devices, and supply
chain processes (e.g., warehouse automation). To perform automation tasks e ciently and
safely, these systems must possess a certain level of kinematic dexterity. The dexterity of
robots in uences their versatility and performance of manipulation tasks, and is subject
to physical constraints such as joint limits, and environmental and self-collisions. Many
methods have been proposed to measure and optimize kinematic dexterity [21, 39] of robot
con gurations. Dexterity metrics, which can be local and global in nature, have been used in
robot morphology design, initial base placement [40], capability map generation, and reactive
motion planning [41].

For autonomous robotic manipulators working on pre-determined tasks, motion planning
can be handled prior to task execution by taking all the relevant constraints and optimiz-
ing robot con gurations to guarantee safe and e cient operation. Computational delays
or ine ciencies in the planning stage would not impact the achievement of the manipula-
tion tasks. On the contrary, in teleoperated robotic systems [41] (e.g., surgical robots) and
other manipulators used in dynamically-changing environments, motion generation is done
in a reactive and real-time manner. In these cases, it is still crucial to maintain kinematic
dexterity and obey joint limits, but con guration optimization must be done in a computa-
tionally e cient manner that mitigates delays and allows for stable control. This e ciency
is especially important in redundant systems, where multiple manipulation goals might be

considered during motion planning.
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We propose a con guration space sampling-based kinematic dexterity inference method,
discuss the limitations of current methods, and demonstrate in potential applications. We
use a 5-DOF planar-redundant robot to demonstrate the applicability of our method to
applications such as optimal placement, capability map generation, and motion generation.
The contributions of this work are: 1. A sampling-based metric to infer kinematic dexterity
with joint limits and self collisions. 2. Comparison of our dexterity measure with current

methods. 3. A discussion of this method's potential bene ts and applications.

Figure 3.1: lllustration of manipulability in redundant robots with joint limits, self-collision
and environmental obstacles. Scaled and unscaled ellipsoids represent the limitations of
dexterity.

3.2 Interpretation of the Dexterity

The dexterity measures, which are based on geometric properties such as jacobian, are
analytically informative but physically challenging to interpret[20, 11]. These measures
provide a local measure of the mathematical "closeness" to a potential singularity that is
di cult to interpret physically. It is illustrated in Figure 3.1 of two con gurations where
one is dexterous, and the other is less dexterous. Our inference can be extended to a local
vicinity larger than the one measured by the dexterity measurd; (Eq. 2.1) ord, (Eq. 2.2).

In our interpretation, the dexterity of a robot is the capability to move between two given

poses and is represented by a probability value. Therefore, it is an absolute measure that can
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be interpreted physically, with constraints and kinematically desired samples. To infer the

probability, we combine the collected samples to evaluate motion feasibility probabilistically.

Formulation 1 EvalDexterityPrior

X N
(Shortest Task) = (jF(a) F (di 1)ij2) (3.1a)
i=0
C = Ca=Gshortest (3.1b)
(C-Space and Task) d= c=doint space (3.1¢)
jx—-n
(Self-Collisions) score. = SjiLi  Ljii2
i =i+l
j)(n
(Joint Limits) scorg, = Sjj il2 (3.1d)

=i+l

3.3 Sampled Based Dexterity

Robotic manipulators perform tasks in the Cartesian space while the motion is generated
in the joint space. Joint space is subject to kinematic constraints such as joint limits, and
self-collisions. If joint limits and self-collisions are projected to the task space, disconti-
nuities and voids could arise in the Cartesian space. Estimating the Cartesian void and
discontinuous spaces is computationally expensive, especially for redundant systems. With
advances in parallel computation, sampling has become a popular method for Monte-Carlo
techniques and e cient probability density estimation. Our approach sample in the con-
guration space and further sample around each con guration to estimate each of robot
con guration's "dexterous mobility."

Figure 3.3A(1) illustrates the estimated dexterous volume can successfully capture the
redundancy in the system when one or more joints are at the limitJ¢). On the contrary,
the constrained manipulability degenerates due to the proximity of one joint to its limit
(as illustrated in Figure 3.1). Moreover, the e ect of self-collisionsA; 3) on the measure is

shown. The samples in the dexterity volume diminish as the self-collisions occur.
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Figure 3.2: A : Varying h step sizes are used to estimate the largest dexterous volume
around the local pose.B : The criterion to decide the suitability of each sampled posec,
and Cshortest @re the actual and shortest possible distance

3.3.1 Joint SpaceSampleDesirability

We evaluate the kinematic desirability of each random sample according to the properties:
1. Reachability of local poses in the shortest possible displacement. 2. Avoiding of kine-
matic singularities. 3. Avoiding of joint limits, environmental, and self-collisions To sample
e ciently and to capture the largest local dexterous volume, we use several custom-de ned
metrics to evaluate the desirability of each sampled pose around a local con guration. Fig-
ure 3.2 illustrates where the pose igreenis undesirable andred is desirable. It is due the
actual displacement by thegreen pose is relatively longer compared to the shortest possible

displacement as shown. The metrics we de ned are explained as below.

| Shortest Task Path Ratio: c, is the actual displacement from one Cartesian pose to
a local random pose, andshorest 1S the possible shortest Cartesian distance between
those two. The actual distance is computed as an integral of the linearly interpolated
Cartesian poses (Eg. 3.1a). The ratio af, and Cshorest Measures the related curvature
of the C spaceand Cartesian space $E(3)). Closer, the ratio to one is idealistic

since it moves between the two poses in the shortest distance possible.

| Joint and Cartesian Displacement Ratio: while ¢, is the actual Cartesian displace-
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ment, d. space IS the corresponding joint displacement. The ratio of these two values
(d, Eqg. 3.1c) can identify the self-manifold motion. It is used to capture samples that
increase the variance of Cartesian poses of the generated samples by excluding the
self-manifold motions. We boundd to a desirable range dependent on the length of
the manipulator. The desirability of each generated sample is evaluated based on some

valid ranges ofc and d.

{ d d d,increase the variance of the samples by excluding self-manifold motion

d T, increase the quality of the generated Cartesian samples by preferring

~
(9]

linearity in the Cartesian space §E(3)).

The above ratios are computed for each sample to evaluate the "desirability” of each
sampled con guration and to increase the variance of local samples in the Cartesian
space. These metric values are used to ensure the desired properties of the Cartesian

reachability around a given con guration.

Self Collisions: In addition to above properties listed in Section 3.3.1, it is desired to
to consider joint limits and possible self-collisions. Self collisions are represented as
Ds. Where distance is measured from multiple points on each link to multiple points
on the adjacent link as represented by Eq. 3.1d, whereis the number of links of the

robot and S is the scaling factor which is a decaying exponential function.

3.3.2 SampleGeneration

Algorithm 2 presents the pseudo-code for the estimation of the largest dexterous volume

around a local con guration. For each con guration Qocar), @ cloud of samples is generated,

and the desirability is evaluated (Line 8) for the properties listed previously. The number of

samples is increased until the generated sample distribution converges (Line 15).

Sampling in the Con guration Space Random velocity vectors are sampled from a

uniform distribution (in Line 6). The random joint-space vector is generated by multi-
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Figure 3.3: Sampling densities of a 5R Redundant Chain. A: Two con gurations with con-
nected region 3.3. Bottom: a dexterous con guration and Top: less dexterous con guration.
B: Interpolation of joint space samples.

plying the random velocity vector by ah step and projecting it to joint limits. Samples
are generated for multipleh steps to ensure the largest reachability volume is captured.
This is illustrated in Figure 3.2 (left). As h gets large, the resulting dexterous volume

becomes larger.

| Convergence of the Dexterous VolumeWe sample each robot con guration locally to
estimate the largest dexterous volume that the end-e ector could move. To estimate
the number of samples required to attest the distribution is invariant to the sampling,
we measure consecutive distribution densities (i.e., KL-divergence) witl, and n,
samples. ThenKL is computed and the sample size\)) is increased in each iteration

untii KL  threshold is mett.

3.3.3 Sampling E ciency

With the increase of the number of degrees of the robot, the number of samples required to
converge increases. Our approach is well suited for robots with a fewer number of degrees; the

e ciency degrades exponentially degrades as the number of degrees of that robot increases.

1For a true distribution P, and for a empirical estimation P,, KL (P, ;PY 0
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Algorithm 2 CONFIGURATION SAMPLING

1: while probability distribution is not converged do
2:  for nsampies Of randomly generated sampledo

3 C=fg; h=1

4: for ngeps Of step sizesdo

5: dr» N (0;1)

6: Qrand Qiocal + NQh

7: d, ¢, dsc, dec  EvalDesirability

8: dex EvalDexterityPrior fAlg. 1g
o: C f C;, FW(Qrand)9

10: h=h (< 1)

11: end for

12:  end for

13:  update probability distribution from C

14: if probability distribution is not converged then
15: Nsamples = 2 Nsamples

16: end if

17: end while

18: return C

3.4 Probabilistic Representation

Section 3.3.2 discussed the generation of local dexterous con gurations. We leverage it to
develop a probabilistic model to infer Cartesianf(T ; T o; qo; d)), joint-space joint probabil-

ity (p(q;do))- A redundant system could have in nite joint-space solutions for & 2 SE(3).
Therefore, in evaluating a Cartesian space transition, it is computationally e cient to con-
sider joint-space con gurations known to be above a certain dexterity threshold. We intro-

duce a parameter ¢) to each joint-space con guration to represent a prior dexterity.

3.4.1 Estimation of Dexterity MeasurePrior

We de ne a template-based method that primarily evaluates the positional variance around
a local con guration. We use a template to de ne the ideal positional variance and compare

it with sample poses to give the probability densityp(q; d).

| Dexterity Template The ideal dexterity is represented in a template (as shown in

Figure 3.2,C) and the distance to sample distribution around each pose is computed.
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For a planar case, the directionality of the dexterity can be represented as a uniform
distribution. Here, the dexterous pose con guration is represented as the pogend

the neighboring samplesy;) around it.

| Comparative Measure For a planar case, the directionality of the of the dexterity is
represented by one degree ). For a "directional” template represented byN discrete

points, the dexterity of the con guration is written as:

1 X .
Osampled = N K(ri min(ti ) (3.2)
i=1 )

This captures the directional dexterity which is similar tod, (Eq. 2.2). One advantage

of our sample-based approach is capturing the constraints in the joint and the Cartesian

space itself. This approach could be extended to the three-dimensional case where

spherical coordinates represent the spherical template (with additional and ). In

Figure 3.2, a sparse con guration is shown oB, whereasC is dexterous.

3.4.2 Joint-SpaceDistribution

If the desired joint-space con guration to reach igy from qg, the corresponding transition

from go to q is written as:

P(d;do) = P(djdo; d) p(do; d) (3.3

3.4.3 Task SpaceDistribution

Similarly, the Cartesian space distribution can be represented as:

P(T;To;do;d) = P(TJTo;do; d) (T o; do; d) (3.4)

where,p(T T o; qo; d) is the transition probability of moving from T, to T given the current

joint-space con guration go which has a dexterity valued. If Eq. 3.4 is marginalized overd
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and ¢, the probability (p(T;T)) of moving from any Cartesian posel o to another T can

be easily inferred as follows:

4
p(T;To) = o P(T T 0;do; d) P(T 0; do; d) (3.5)

3.4.4 Joint Probability Distribution Modeling

The random variables,q; T are multivariate. Therefore, in the inference phase, joint proba-

bility densities have to be evaluated which is computationally ine cient. Representing the

joint distribution as a product of independent variables is e cient and valid for the local

transitional probabilities. p(q;qo;d) and p(T; To; ¢p;d) can be represented as a joint dis-

tribution with independent variables. Each independent variable distribution is estimated

through a normal kernal density K ()) with a xed bandwidth. If k represents a sam-
1

pled point around qo, then, p(djop) = 2 ? ", K(q,). The transition joint distribution is

n

estimated as independent variables.

'L o
P(djdo; d) = p(k;:::;Chjdo; d) = ) P(djop; d) (3.6)

i=1

Similarly, considerT 2 SE(3) to be parametrized agp = fXx;y; ¢

VB
P(T;To;do;d) = p(pijdo; d) (3.7)

i=1

3.4.5 Con guration Spacelnterpolation

In the sampling phase, local con gurations are chosen randomly. However, it would not cover
the whole con guration space with the desired sampling granularity. For instance, as shown
in the right subplot of Figure 3.3B), Ts1; Ts, are sampled con gurations in the sampling
data set. To infer the motion feasibility from T, to Ty, the adjacent joint distribution

(around T ;) needs to be estimated. This approach is similar to K-Nearest Neighbours that
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Figure 3.4: Trajectory Feasibility. The probability of the feasibility of the motion,
P(T next; T prev: Qprev) IS denoted by the size of marker.green denotes the desired trajec-
tory path. A: Same motion trajectory with the dexterity prior, p(d) 0:3 andp(d) 0:7
respectively. B: Motion trajectories of di erent shapes. B: Trajectory with changing orien-
tation.

is widely used to estimate a new distribution.

3.5 Demonstrations

We demonstrate the applicability of our sampling and inference methodology in four key
aspects of robotic manipulation; 1. Trajectory feasibility inference 2. Generation of capability

maps 3. Generation of dexterous motion priors 4. Optimal robot base placement.

3.5.1 Trajectory Feasibility

Given a joint space C spacg trajectory, the feasibility of it can be evaluated probabilisti-
cally. It could infer the continuity of the motion in both joint and Cartesian space with a given

level of desired dexterity (). Given a Cartesian trajectory = fT,;T;:::;Trg 2 SE(3),
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Figure 3.5: Capability Maps generated from the original method vs probabilistic capability
map. Probabilistic map includes self collisions, joint limits and dexterity embedded.

the feasibility score fori™ transition can be computed as:

Z
P(Ti+1;Ti;qi) = j P(Ti+1jTi; 05, d)p(Ti;q;;d)

where,] indicates the existence of many solutions for a general robot.

3.5.2 Probabilistic Capability Map

To create the capability map[20], we discretize the space around the robot into 3D points and
the range of possible orientations. The capability score (also known as reachability score) is
the number of orientations the robot has a valid IK (Inverse Kinematics) solution. Multiple
restarts are used to avoid the local minima in solving for a IK solution. In Figure 3.5, a
capability map is generated for the 5-DOF redundant-planar robot. The orientation around
a voxel is discretized for six uniformly.

For the generation of the probabilistic capability map, the the score for each grid voxel
(1;J; «) is given by: .

grid(i;j; «) = . P(TaiTi)p(Ti;d)
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3.5.3 Motion Planning with the Dexterity Prior

Since redundant robots have in nite joint space solutions, the most widely used method to

resolve non-uniqueness is through redundancy resolution at the kinematic level[42].

Figure 3.6: Motion generation with dexterous priors. top: initial random con guration. 20
trials were run for each with a random seed. middle: Motion generated through dexterous
priors at each step. Comparisons. A: Our manipulability measure. B: Cumulative self-
collision distance. C: Standard dexterity(detd ™J))

the best dexterous con guration space trajectory irC spacefor each Cartesian pose. We
generate dexterous priors from the sampled con guration data as shown in the Algorithm 3.
We useq as the dexterous initial prior for constrained optimization (MATLAB®©'s fmincon
with sgp). For qo;q 2 T,, the distance measure on th&, space isdy (Jo;q). For small

angles,dyv (do;q) = ( qo; q)? is valid with angles wrapped within ( ; ) [16].
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Algorithm 3 Motion Planning with Dexterity

2: for T; do
32 Tg4 T, fi'th pose of the trajectoryg
4: Ter FK (Ch l)
3 Qo argmax(p(T oj T curr 5 4jdi 1;d))
! dext;rity_reﬁularizatt'on
6: di argqmin(D(T curr ;Td) + d M (qO; Q)

7 Qg+t(lhn J YV T)W
8: end for
9: return qi

3.5.4 Robot BasePlacement

Determining the best robot con guration or the optimal positioning for a speci ¢ task has
been an interest of many application domains[43, 40]. For instance, the placement pose of
a shoulder of a humanoid could determine the dexterity of the robot's end-e ector[44]. As
shown in Figure 3.7, if TR, is the p'th target pose, Ty is the base pose, and }, is the
target pose relative to the base, the optimal base location could be determined similarly
to the capability map generation. For a given base pose grid{ «), the score for the
base suitability is evaluated by Eqg. 3.8. Our method can infer the optimal base pose in a

computationally e cient manner. For a voxel (i;j; «), the placement desirability is given
by:
W Z

grid(i;j; «) = dp(ijTo;QO)p(CIo;d) (3.8)
p

3.6 Discussion

3.6.1 Motion Feasibility Inference

We quantify the motion feasibility in a probabilistic manner to evaluate whether the robot

could make transitions without calculating IK trajectories. We include kinematic constraints
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Figure 3.7: Optimal robot base placement on a planar robot. middle: robot is point towards
up and positioned optimally to reach the poses. right: robot is placed and oriented to reach
the orientation cone

and dexterity in our quanti cation, unlike general IK solutions. Figure 3.4 @) shows two
trajectories and the corresponding feasibility of transitioning. It is evident that a more dex-
terous trajectory provides a higher transitioning probability in completing the task.B and
C shows feasibility (as represented by the marker size) for a few examples where the dimin-
ishing marker size represents the infeasibility or the diminished dexterity in performing the
transition. We demonstrate our method could reduce the variability in trajectory outcomes
by providing good con guration priors and the overall score for self-collision are reduced.
Our approach can be used to evaluate trajectory feasibility of a task and use it on the

performance analysis.

3.6.2 Probabilistic Capability Maps

The drawback of the original method is the need for a robust IK solver. Therefore the
quality (e.g., dexterity) of the con guration space solution is dependent on the IK method
used. For the given solution, its quality needs to be evaluated using a secondary measure.
We show that our sampling-based probabilistic analysis can e ciently generate capability
maps. One benet of using our approach is the ability to incorporate constraints (e.g.,
joint limits, self collisions) and prior dexterity into capability maps. Another is the fast

computation time. For example, in a task space grid of 20 20, the deterministic capability
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Table 3.1: Comparison of Dexterity Measures. CS: Our Method. M: Manipulability. MJL:
Joint Limited Manipulability, CM: Capability Maps

Metric CS|M | MIL[11, | CM [20,
45] 18, 46]
Local Proximity 3 |7 |7 7
Self Collisions 3 |7 |7 7
Joint Limits 3 |7 |3 3
Redundancy 3 |7 |7 7
Dex. Volume 3 |7 |7 7
Dex. Directionality |3 |3 |3 7
Trans. Reachability |3 |7 |7 3
Orient. Reachability | 7 |7 |7 3

map took 122G while the probabilistic capability map took only 22s in MATLAB © on

a M1 MacBook Air. The main algorithmic ine ciency of the original method of capability
maps is the computation of IK with multiple restarts to account for redundancies. E ciency

in the generation of capability maps can generate real-time capability maps for dynamic
tasks. Figure 3.5 shows the dexterity measure maps for the IK solution of four di erent
orientations as indicated. We choose reachable positional voxels where each orientation can
be reached through a valid IK solution. The dexterity measure proposed in this work provides
a dexterity infused comprehensive map with many characteristics that we compare in Table
3.1. For position and orientation reachability, capability maps are superior as IK solutions
are generated for each voxel where joint limits can be incorporated. But the quality of it
is not evaluated for its dexterity or any other secondary measure. Scaled jacobian-based

manipulability could ignore the redundancy in redundant systems.

3.6.3 Con guration Priors for Motion Generation

Redundancy resolution is used to solve for desired IK in redundant systems with a proper
dexterity function. d; (Eq. 2.1) and d, (Eq. 2.2) provides functionals for dexterity repre-
sentation. While d; measure is di erentiable, it does not capture the 'absolute movability'

in the direction of desire, the area it could span, and also it is dependent on manipula-
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tor length[47]. Further, using the measured, (Eq. 2.2) for the manipulability introduces
non-di erentiability and scaling the jacobian for many kinematic constraints could make the
gradient ill-conditioned. Moreover, numerical IK methods are dependant on the initial robot
con guration and it is generated through a random seed with many restarts. As a result, it
introduces a high variability of trajectory outcomes undesirable for real-time motion genera-
tion as shown in Figure 3.6 A). Also, we show that the self-collision distance is kept to the

lowest by using dexterous priorsB).

3.6.4 Optimal BasePlacement

Figure 3.7 shows two cases; the placement map for a task with positional variation (with a
biased orientation as shown) and for a task with varying orientations. The methods proposed
in [45, 14] used a computationally expensive optimization method, whereas our approach is

a simple inference over a grid.

3.6.5 Potential Applications

3.7 Limitations

The contribution of this work is to exhibit the limitations of the traditional manipulability
measures and propose an alternative sampling-based method to enhance the interpretation of
robot dexterity. This work applies mainly to redundant robots since the classical method has
inherent limitations, as discussed in the introduction. Further, capability map generation,
robot placement, and motion generation are a few extending applications of this proposed
method. The main advantage of this method is that it could infuse our interpretation of
dexterity. For instance, the capability maps and optimal base placement we generate are
dexterity infused. Hence, the dexterity of the con gurations is high. Another is kinematic
motion generation, where proving dexterous priors could produce joint space trajectories
with reduced variance and high dexterity.

Yet, our proposed method has many limitations. We only show for planar manipulators.
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It is due to two reasons; extending to 3D is a straightforward extension of the planar to
spatial and the computational burden of sampling in high dimension, which is a limitation
of our work. Limiting the joint-space sampling space depending on identifying the most

utilized space could improve the sampling e ciency.

3.8 Conclusion

To sum up, we identi ed and demonstrated the limitations of the current interpretations of
the robot dexterity with kinematic constraints such as joint limits and self-collisions. Then,
we proposed a sampling-based method by taking kinematic constraints into account to over-
come those limitations. This method leads to the development of a probabilistic framework
that can be used to infer motion feasibility in the combined joint and Cartesian space. Then,
we extended our work to a few widely used applications; optimal robot placement, capabil-
ity map generation, and motion generation in redundant robot systems. Along with these
methods and applications, we discussed potential limitations and future extensions of our

work.
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CHAPTER 4
MOTION AND KINETIC DATA ANALYSIS OF ROBOTIC TASKS AND FORCE
FEEDBACK ENABLED ROBOT DESIGN

Chapters 1-3 discussed the kinematic dexterity of robots and how it could be improved via
sampling for better motion inference. One more critical aspect of dexterous and safe robots
is behaving safely in an environment with contact. At a kinematic level, the dexterity and
the manipulability in force control have a duality. Therefore, the dexterity in the motion
trajectory a ects the ability to modulate force dexterously. However, in most commercial
robots, force control is not actively used for higher-level planning[6] primarily due to di -
culties in sensor integration. In the meantime, the kinetic aspect of manipulation is proven
to be important in many studies[48, 49]. In this chapter, we attempt to develop an open
platform to collect data for a kinematic/kinetic analysis of human manipulation tasks to
evaluate the importance of kinetics in addition to kinematics. Lastly, based on the analysis,
we demonstrate on a custom build manipulator system the validity and applicability of the

insights gained from the kinematic/kinetic analysis.

4.1 Introduction

To evaluate the importance kinetic aspect of robotic tasks, we collect data from human
demonstrations and perform an kinematic/kinetic analysis. The insight from this analysis
can be used to enhance robot design and control frameworks. The characteristics of a manip-
ulation task can be categorized mainly into two, namely, kinetic and kinematic components.
In tasks such as in medical, manufacturing, and assistive robotic applications, contact and
motion are highly coupled. Though kinematic data are generally regarded as a su cient
basis for task analysis, the inclusion of kinetic information would allow the assessment of

measures such as 'respect for tissue' and force control. Kinetic data would also provide a
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richer data set for activity recognition, motion segmentation, and classi cation algorithms

to be developed. However, the kinetics of tool-tissue interactions are seldom included in as-
sessments primarily due to the di culty of mounting small sensors { typically silicon strain
gauges - onto surgical instruments to capture force data. In addition, electromagnetic (EM)
or optical trackers used for kinematic measurement are often tethered. Therefore, having
tethered force sensors also mounted on the same surgical instruments would complicate the
experimental process and could a ect/distort the acquired data by impeding the natural

manual motions of surgeons. In this chapter we present

1. A force platform that places the kinetic sensors in the environment, not on the instru-

ments, to reduce the physical encumbrance of the system to the surgeon.
2. Qualitative and quantitative analysis on the importance of kinetic data

3. A robotic device with enabled force-feedback and validation for the need of force feed-

back in robotic devices

4.2 Force Capturing Platform

This system can capture kinetic data using a standalone force/torque sensor embedded in a
custom-designed work-space platform and kinematic data using EM trackers placed on the
instruments. This portable platform enables the empirical characterization of open surgery
motion trajectories and corresponding kinetic data without the need for a centralized acqui-
sition site and will eventually be integrated into a completely untethered skill assessment
system.

The measurement of instrument motion is accomplished by the simultaneous use of two
sensor systems: (1) an EM motion tracking system (Ascension Technologies Inc.) which
can track position and angular orientation of sensors with a spatial resolution of®)mm
and angular resolution of @L°, and (2) a high-precision force torque sensor (Nanol7 6-axis

transducer, ATI Industrial Automation, Inc.) capable of measuring forces with resolutions as
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