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ABSTRACT

In recent years, a considerable amount of research has been directed toward
designing robots to cooperate with humans in daily activities that require close physical
interaction. One particular area of interest is collaborative object transportation, where
human dyads would rely heavily on haptic sensations to coordinate their actions.

Humans are sensitive to interactive behaviors during joint action, and can leverage
haptic cues (i.e., the forces they apply and sense through their interactions with the
manipulated object) to easily distinguish between interaction states, such as harmony and
conflict. Such discrimination between interaction states is currently missing in physical
human-robot interaction (pHRI), and collaboration can be improved by making the robot
proactive against changes in interaction behaviors.

We trust that understanding physical human-human interactions (pHHI) is crucial to
implement a robotic system that is able to classify dyadic interactive behaviors. This
dissertation is an effort to provide insight into the inherently important role of haptics in
differentiating distinct interaction behavior classes during the collaboration of two
physically-linked partners. To the best of our knowledge, ours is the first study to design
interaction-specific haptic features to improve identification of conflict-related pHHI
behaviors in physical co-manipulation. This haptic information works as a basis in pHRI
to enable proactive robotic partners that can accommodate varying interactive behaviors.

In the first part of this dissertation, we explore the prominence of haptic data to
extract information about underlying interaction patterns within physical human-human
interaction (pHHI). We work on a joint object transportation scenario involving two
human partners, and show that haptic features, based on force/torque information, suffice
to identify human interactive behavior patterns. We categorize the interaction into four
discrete behavior classes. These classes describe whether the partners work in harmony
or face conflicts while jointly transporting an object through translational or rotational

movements. In our experimental study, we collect data from 12 human dyads and verify



the salience of haptic features by achieving a correct classification rate over 91% using a
Random Forest classifier.

The second part of this dissertation proposes a machine learning (ML) approach to
detect and resolve motion conflicts that may occur between a human and a proactive robot
during the execution of a collaborative task. Our approach aims to distinguish harmonious
and conflicting behaviors by looking at dyadic interaction patterns rather than inferring
solely about the individual state of the human partner. In doing so, we challenge the
traditionally adopted dualistic attitude in physical HRI, which considers the human and
the robot as distinct and separable entities, and instead, consider the kinesthetic
information generated through the teamwork to describe the interactive quality of
collaboration. We demonstrate that features derived from haptic (force/torque) data are
sufficient to classify if the human and the robot harmoniously manipulate the object or
they face a conflict. A conflict resolution strategy is implemented to get the robotic
partner to proactively contribute to the task via online trajectory planning whenever
interactive motion patterns are harmonious, and to follow the human lead when a conflict
is detected. An admittance controller regulates the physical interaction between the
human and the robot during the task. This enables the robot to follow the human passively
when there is a conflict. An artificial potential field approach is used to make the robot
proactive when partners work in harmony. An experimental study is designed to create
scenarios involving harmonious and conflicting interactions between human and robot
partners during the collaborative manipulation of an object, and to create a dataset to train
and test our ML model. The results of the study show that ML successfully detects the
conflicts and our conflict resolution mechanism reduces the human force and effort
significantly compared to the case of a passive robot that always follows the human

partner and a proactive robot that cannot resolve conflicts.



OZETCE

Son yillarda, yakin fiziksel etkilesim gerektiren giinliik aktivitelerde insanlarla
isbirligi yapacak robotlar tasarlamaya yonelik 6nemli miktarda arastirma yapilmistir. Bu
alanda bir arastirma alani, insan ortaklarin eylemlerini koordine etmek i¢in agirlikli olarak
dokunsal duyuya giivendigi isbirlik¢i nesne tasimaciligidir.

Insanlar, ortak eylem sirasinda etkilesimli davranislara kars1 hassastir ve uyum ve
catigma gibi etkilesim durumlarini kolayca ayirt etmek icin dokunsal ipuglarindan (yani,
uyguladiklar1 ve manipiile edilen nesneyle etkilesimleri yoluyla algiladiklar1 kuvvetler /
torklar) yararlanabilirler. Etkilesim durumlar arasindaki bu tiir bir ayrimin tespiti, fiziksel
insan-robot etkilesiminde (pHRI) su anda eksiktir ve etkilesim davranislarindaki
degisikliklere karsi robotu proaktif hale getirerek isbirligini gticlendirebilir.

Fiziksel insan-insan etkilesimlerini (pHHI) anlamanin, insan-robot etkilesimterini
siniflandirabilen bir yapay zeka sistemi i¢in ¢ok 6nemli olduguna inaniyoruz. Bu tez,
fiziksel olarak birbirine bagli iki ortagin isbirligi sirasinda farkli etkilesim davranis
smiflarin1 ayirt etmede dokunsal alginin isin dogasi geregi 6nemli olan roliine iliskin
icgorii  saglama cabasidir. Bildigimiz kadariyla, bu c¢alisma fiziksel birlikte
manipiilasyonda ¢atismayla ilgili pHHI davranislarinin tanimlanmasini iyilestirmek igin
etkilesime 6zgii dokunsal ozellikler tasarlayan ilk ¢alismadir. Bu dokunsal bilgi, ¢esitli
etkilesimli davranislar1 barindirabilen proaktif robotik ortaklari etkinlestirmek igin
pHRI'de bir temel olarak ¢alisir.

Bu tezin ilk béliminde, fiziksel insan-insan etkilesimi (pHHI) i¢indeki etkilesim
kaliplar1 hakkinda bilgi ¢ikarmak i¢in dokunsal verilerin dnemini arastirtyoruz. Iki insan
ortagl igeren ortak bir nesne tagima senaryosu lizerinde calisiyoruz ve kuvvet/tork
bilgisine dayali dokunsal 6zelliklerin, insan etkilesimli davranis kaliplarin1 tanimlamaya
yeterli oldugunu gosteriyoruz. Etkilesimi dort ayr1 davranig sinifina ayiriyoruz. Bu
siiflar, ortaklarin bir nesneyi 6teleme veya donme hareketleriyle birlikte tagirken uyum
icinde calisip calismadiklarini veya ¢atismalarla karsilasip karsilasmadiklarint agiklar.
Deneysel bir ¢aligmada, 12 insan ciftinden veri topluyoruz ve bir Random Forest
siniflandirict kullanarak 91% in Uzerinde dogru bir simiflandirma orani elde ederek

dokunsal 6zelliklerin belirginligini dogruluyoruz.
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Bu tezin ikinci kismu, igbirlike¢i bir gorevin yiiriitiilmesi sirasinda bir insan ile proaktif
bir robot arasinda meydana gelebilecek hareket ¢atigmalarini tespit etmek ve ¢dzmek icin
bir makine 6grenimi (ML) yaklasimi Onermektedir. Yaklagimimiz, yalnizca insan
partnerin bireysel durumu hakkinda ¢ikarim yapmak yerine ikili etkilesim modellerine
bakarak uyumlu ve ¢eliskili davranislar1 ayirt etmeyi amaglamaktadir. Bunu yaparken,
insan ve robotu ayr1 ve ayrilabilir varliklar olarak goren ve bunun yerine isbirliginin
etkilesimli kalitesini tanimlamak i¢in ekip ¢alismasi yoluyla iiretilen kinestetik bilgileri
dikkate alan fiziksel HRI'da geleneksel olarak benimsenen dualistik tutuma meydan
okuyoruz. Dokunsal (kuvvet/tork) verilerinden tiretilen 6zelliklerin, insan ve robotun
nesneyi uyumlu bir sekilde manipiile edip etmedigini veya bir ¢atigmayla kars1 karsiya
olup olmadigini1 smiflandirmak i¢in yeterli oldugunu gosteriyoruz. Etkilesimli hareket
kaliplart uyumlu oldugunda robot ortaginin ¢cevrimici yoriinge planlamasi yoluyla goreve
proaktif olarak katkida bulunmasini ve bir ¢atisma algilandiginda insan liderligini takip
etmesini saglamak i¢in bir ¢atisma ¢6zme stratejisi uygulanir. Kabul denetleyicisi, gorev
sirasinda insan ve robot arasindaki fiziksel etkilesimi diizenler. Bu, bir ¢atisma oldugunda
robotun insant1 pasif olarak takip etmesini saglar. Ortaklar uyum i¢inde ¢alisirken robotu
proaktif hale getirmek icin yapay bir potansiyel alan yaklagimi kullanilir. Deneysel bir
calisma, bir nesnenin isbirlik¢i manipiilasyonu sirasinda insan ve robot ortaklari
arasindaki uyumlu ve ¢eliskili etkilesimleri igeren senaryolar olusturmak ve makine
o0grenimi modelimizi e8itmek ve test etmek i¢in bir veri kiimesi olusturmak {izere
tasarlanmistir. Caligmanin sonuglari, makine 6greniminin ¢atismalar1 basaril bir sekilde
tespit ettigini ve catigma ¢dzme mekanizmamizin, her zaman insan ortagini takip eden
pasif bir robot ve c¢atismalar1 ¢dzemeyen proaktif bir robot durumuna kiyasla insan

giiclinli ve ¢abasin1 6nemli dl¢lide azalttigini gdstermektedir.
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Chapter 1: Introduction 1

Chapter 1

INTRODUCTION

Collaborative robots have emerged during the last two decades due to the
advancements in hardware (e.g., lightweight design, built-in force/torque sensing) and
software (user-friendly interfaces, the introduction of artificial intelligence techniques,
etc.). These enhancements have allowed robots to act near humans in activities through
indirect interaction [1, 2] or within direct physical contact with humans [3, 4].

A collaborative robot can proactively assist the human partner during the task while
bearing the weight of the manipulated object to reduce her/his effort. Moreover, as more
sophisticated Al techniques are expected to be integrated into such robotic systems, robots
collaborating with humans are expected to have their own intentions. In such a scenario,
due to the agreement/disagreement between human and robot intentions, different
interaction behaviors arise. For instance, consider a robot that proactively contributes to
a co-manipulation task performed with a human partner. If they have a joint intention to
manipulate the object toward the same target, they will work harmoniously with minimal
conflict. This harmonious interaction enables human to spend less effort during the task.
However, if human suddenly changes the target location by altering the direction of
movement or parking the manipulated object before/after the initial target location while
the robot keeps moving toward it, conflicting behaviors arise. Such behaviors create
undesired interactions, which make the task more tiring for the human partner unless the
robot recognizes these conflicts and reacts to resolve them.

To this end, we believe that understanding how two human partners physically
interact to manipulate an object relying on haptic clues is essential to design a robotic
system that can classify dyadic interactive behaviors. Haptics provides a natural and
intuitive channel of communication during the interaction of human-human in complex

physical tasks, such as joint object transportation. However, despite the utmost



Chapter 1: Introduction 2

importance of touch in physical interactions, the use of haptics (i.e., force and torque) is
under-represented when developing intelligent systems.

This dissertation is an effort to explore the utility of haptics in capturing interaction
characteristics in physical human-human interaction (pHHI) as a motivation to build a
robotic system that can proactively cooperate with human partners in physical human-
robot interaction (pHRI). In particular, in the first part of this dissertation, we seek
evidence that harmonious and conflicting behavior patterns in pHHI can be recognized
using haptic information alone. The findings of our pHHI study work as a basis for the
second part of this dissertation to enable robotic partners in pHRI to proactively
collaborate with human partners by accommodating the varying interactive behaviors that
emerge during the collaboration.

In our approach, we define our task as an object manipulation task where two partners
are always needed to hold the object and transfer it from one position to another.
Moreover, we assume that there are always two force sensors (one for each partner) to

record the haptic data applied on the object.
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1.1 Related Work

We review the earlier studies in two groups: haptics in human-human/robot interaction

and human intentions in physical human-robot interaction.

1.1.1 Haptics in Human-Human/Robot Interaction

Recent literature indicates that haptic feedback plays an important role in improving the
task performance of interacting partners in virtual environments [5]-[11], when working
with real robots [12], [13], and in pHHI [14].

In addition to performance benefits, haptics has a communicative function. Takagi et
al. [11] explored the effect of haptic communication on dyads’ performance in a dynamic
target tracking task. They suggested that the coupling dynamics may determine the
amount of information that can be communicated among physically interacting partners.
Mielke et al. [14] showed that when two humans collaboratively move an object, lateral
movements were triggered by a specific force profile applied by the leader. Using this
force profile, the intention for future motion could be predicted. Later, the same group
showed that linear and angular velocity of the co-manipulated object can be used to
accurately estimate the human motion intention (i.e., translation vs. rotation) [15].
Parastegari et al. [13] designed a controller for robot-to-human handover, where they used
the pulling force applied on the object, the object acceleration, and the relative motion
between the object and the robot hand, to achieve smooth and safe handover.

In human studies, haptics has been used to assess the performance of dyad in
manipulation tasks. Noohi and Zefran [16] investigated the quality of collaboration in
physical human-human interaction while two partners lift an object vertically. They
proposed a set of quantitative metrics that evaluate the performance of haptically-coupled
subjects, and cross-validated those metrics with the subjects’ self-assessments. These
metrics were valid for a 1D translation task, and assessed the performance of the partners
in terms of the efficiencies of individuals, the team, and their negotiation, as well as the
similarity of forces. In this study, we designed our features through inspiration from this
study. We modified these metrics to support a 6-DoF task by reformulating the metrics to

handle torques as well as forces in the 3D Cartesian space.
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Another interesting observation arising from human studies is about role allocations
between partners during dyadic interaction [17]. Reed and Peshkin [18] observed that
when two human partners perform a dyadic target acquisition task, two opposing roles,
responsible for accelerating or decelerating the task, were adopted by collaborating
humans. Stefanov et al. [19] also observed two roles in human-human haptic interaction,
namely the executor and the conductor of the task. Both studies identified the roles
regarding interaction forces and velocities. On the other hand, Takagi et al. [20] examined
rigidly coupled dyadic reaching movements. Although their study showed that the dyads
did not coordinate during joint reaching movements towards the same target, the
collaborating partners still displayed “accelerating” versus “decelerating” roles.
However, they explained these acceleration/deceleration roles by the speed mismatch
between the partners and the differences in their movement reaction times.

Even though the literature is rich in terms of defining human intentions and partner
roles in dyadic interaction, there are only a few studies that focus on collaborative tasks
as an attempt to define possible interaction patterns. Melendez-Calderon et al. [21]
defined five human interaction patterns for a tracking task. This study provided static and
task-dependent roles. A rule-based quantitative classification technique, depending on the
interaction torques and EMG recordings from partners, was proposed to identify these
roles and discuss their efficiencies for specific tasks. Jarrass’e et al. [22] presented a
comprehensive taxonomy of interactive behaviors, namely competition, collaboration,
and cooperation. They proposed a utility-based game theoretic approach to describe and
implement interactive behaviors, where cost functions are defined to distinguish between
interaction classes. This approach was later demonstrated on a simple reaching task with
a robot [23]. Agravante et al. [24] introduced a taxonomy for collaborative object
transportation by classifying the grasp types and the relative pose between the agents.
They decomposed a complex transportation task into subtasks and used a finite state
machine to program a robot to perform the task collaboratively with a human partner.
Madan et al. [25] proposed a hierarchical taxonomy for pHHI, defining three main classes
of collaborative interaction types, namely harmonious, conflicting, and neutral behaviors.
In contrast to the aforementioned studies, the taxonomy in [25] looks at general
interaction states and provides a simpler characterization for physical collaboration;
hence, [25] will be used in this study to define the behavior classes.
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Our hypothesis is that haptic-related features would be sufficient to distinguish
between interactive behavior patterns without the need to include the kinematic
information, eliminating the need to track the manipulated object. In [25], Madan et al.
investigated the use of raw interaction data and extracted features by processing the
partners’ applied forces and the manipulated object’s velocity from annotated data. Later,
Kucukyilmaz and Issak [26] proposed an online feature extraction method and
demonstrated its use for identifying interaction patterns in real-time collaboration using
similar features. In both studies, they observed that raw haptic data were insufficient to
achieve good classification rates and the object pose information was needed. Hence, in
the first part of this dissertation, we utilize richer haptic features derived from raw data to
improve the accuracy in classifying interaction behaviors without a need for object pose
information. Selected features isolate haptics-related information and aim to demonstrate

the prominence and sufficiency of haptics in explaining interaction states during pHHI.

1.1.2 Human Intentions in Physical Human-Robot Interaction

In physical human-robot interaction (pHRI), a considerable amount of research has been
directed toward detecting human intentions to regulate the interactions between human
and robot. Many of the earlier studies implemented rule-based methods, while more
recent ones employed ML techniques. In this regard, we review the existing literature
based on these two groups of studies.

In rule-based approaches, typically a set of rules are defined, based on thresholds
over kinematic or kinetic interaction variables to detect human movement intentions.
Wojtara et al. [27] implemented an interaction controller that allows a robot to follow the
human partner’s movement during a collaborative manipulation task based on the forces
applied by the human on the object and the position of the human’s grasp point. Other
studies utilized velocity and human force [28], velocity and derivative of human force
[29], velocity and acceleration [30], and velocity, human force, and its derivative [31] to
predict human intentions to adjust the parameters of an interaction controller for the robot
during a collaborative manipulation task.

Rule-based approaches are also used to estimate human intention to exchange roles,
such as between leadership and followership. For example, Oguz et al. [32] and
Kucukyilmaz et al. [33] proposed mechanisms for dynamic role exchanges between the
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human and the robot during collaborative haptic interaction tasks. In these studies, the
authors inferred human intentions based on the forces applied on the manipulated object
by the human to adjust the robot’s role in the collaborative task. Later, Mortl et al. [34]
extended these methods to develop a rule-based strategy where robot and human partners
could dynamically exchange their roles and adjust their contributions to the task based on
the forces during a table co-manipulation task. Khoramshahi and Billard [35, 36]
proposed dynamical system approaches in pHRI using human intended motion velocity
to switch between different tasks, and to change robot’s role between a stiff leader or a
compliant follower to a human partner. Although these works demonstrate switching
behaviors between active/passive roles, they do not perform harmony/conflict detection
as done in this study.

The emergence of machine/deep learning techniques has encouraged the researchers
in pHRI to detect human intentions using data/model-driven approaches. Townsend et al.
[37] trained an artificial neural network (ANN) model to predict the future human velocity
based on the past velocity and acceleration using the data collected from human dyads in
a co-manipulation task. This model was then validated on a table carrying task executed
by a human and robot dyad. Whitsell and Artemiadis [38] presented a controller that
enables humans to take the leadership on any axis they desire while manipulating an
object with a robot. They utilized force and torque data as inputs to a reinforcement
learning algorithm to predict the value of future rewards to activate or deactivate the robot
in the desired axis. Ge et al. [39] used the force, velocity, and position measured at the
interaction point between the robot arm and human upper limb as inputs to an ANN model
to estimate human motion intention which is defined as the desired trajectory of human
upper limb. Based on this model, Li and Ge [40] developed an adaptive interaction
controller that utilized the estimated human motion intention to enable a robot to actively
collaborate with a human partner instead of passively following her/his forces. Guler et
al. [41] trained an ANN classifier to detect the subtasks intended to be executed by the
human operator during a collaborative drilling task. They adapted the control parameters
of an interaction controller of robot based on the detected subtask to improve task
efficiency. The results of the experimental study conducted with 12 participants showed
that the proposed subtask classifier reduces the human effort by 20% and drilling
oscillations by 25%. Lu et al. [42] utilized a LSTM model to estimate human motion



Chapter 1: Introduction 7

intention as the desired trajectory based on human limb dynamics in a human-robot
collaborative task. Moreover, a reinforcement learning algorithm was implemented to
adjust one of the parameters of an interaction controller in real-time based on the
estimated human intention. Ly et al. [43] trained a Deep Q-Network to estimate human
intentions to reach pre-learned motion trajectories and provided adaptive haptic guidance
on a robotic sorting task. Chien et al. [44] proposed a fuzzy RBF approach to estimate
human hand impedance and an ANN model to estimate human motion intention, which
is used to generate a reference trajectory, to compute the compensation force that assists
the robot in following the intended trajectory. Wang et al. [45] proposed an approach to
estimate human intention in human-robot hand-over tasks. In their approach, they utilized
an inertial measurement unit (IMU) and eight EMG sensors attached to the human
forearm to measure arm motion along with muscle activity. These data were used as
inputs to the extreme learning machine (ELM) algorithm to predict human hand-over
intention. Sirintuna et al. [46] used EMG signals to detect the movement direction
intended by human using an ANN model to constrain the movements in other directions
using an interaction controller. They showed that this approach reduces the undesired
motion errors during a collaborative positioning task executed with a robot.

The above studies focused on inferring human intentions to regulate the human-robot
interactions. However, in the foreseeable future, as more sophisticated Al techniques are
expected to be integrated into robotic systems, robots collaborating with humans are
expected to have their own intentions. In such a scenario, if the intentions of a robot do
not match those of the human, there will be motion conflicts [47]. Such undesired
interaction behaviors should be recognized by robot partner and behave accordingly.

Consequently, In the second part of this dissertation, we aim to transfer the
knowledge gained from human-human study (first part of this dissertation) to develop a
system that identify the interaction behaviors in real-time during a physical human-robot
interaction pHRI. To this end, we trust that the identification and resolution of conflicts
is a key skill that a robot needs to be equipped with to execute more intuitive co-
manipulation tasks with a human. We utilize features extracted from haptic data only to
build a ML classifier that enables the robot to predict interaction behaviors and resolve
conflicts when necessary. In our approach, the robot contributes to the co-manipulation

task proactively when the partners work in harmony or follows the human when there is
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a conflict in the partners’ intentions. We show that the proposed approach reduces the
human force and effort significantly compared to the case of a passive robot that always
follows human partner and a proactive robot that cannot resolve conflicts.

1.2 Outline

The rest of this dissertation is organized as follows:

Chapter 2 presents a novel haptic feature set for the classification of interactive motor
behaviors in collaborative object transfer. Section 2.1 introduces the human-human object
manipulation experiment, where the experimental apparatus and data collection, the
interaction patterns, the experimental scenarios, participants and protocol, and data
segmentation are reported. Section 2.2 presents an in-depth investigation of the
force/torque patterns encountered in the proposed scenarios. The haptic-related metrics
are introduced in Section 2.3. Section 2.4 presents, in details, the feature extraction and
ML classifier design. Results and discussion are summarized in Section 2.5.

The proposed approach that enables the robot to detect the dyadic interaction
behaviors and resolve the conflict emerges during the execution of the co-manipulation
task is introduced in Chapter 3. Our approach that enables the robot to cooperate with
human partner, hardware setup, control architecture, and trajectory generation are
reported in Section 3.1. Section 3.2 presents the pHRI experiment (i.e., the training and
validation scenarios), participants and protocol, haptic features and classifier design, and
results and discussions.

Finally, Conclusions and future research directions are provided in Chapter 4.
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Chapter 2:

A NOVEL HAPTIC FEATURE SET FOR THE
CLASSIFICATION OF INTERACTIVE MOTOR BEHAVIORS IN
COLLABORATIVE OBJECT TRANSFER

In this chapter, we report evidence that harmonious and conflicting behavior patterns
in pHHI can be recognized using metrics derived from haptic information alone. For this
purpose, we present an experimental study with 12 subjects in a 6-DoF object
manipulation task, as shown in Figure 2.1. Six task scenarios are designed, in each of

which at least two of four specific interaction behavior patterns are generated:

1) Harmonious Translation (HT).
2) Conflicting Translation (CT).
3) Harmonious Rotation (HR).
4) Conflicting Rotation (CR).

In order to distinguish between these interaction classes, we define features based on
the metrics devised by Noohi and Zefran to quantify the collaboration quality during a
dyadic manipulation task [16]. As these metrics are originally defined for a vertical
translation task, they do not capture torque-related information, which is essential to
describe rotational motion in a 6-DoF task. To address this, we combine force and torque
information and design wrench-based metrics.

For the classification of interaction behaviors, we train a Random Forest classifier
[48]. Our results indicate that the trained classifier achieves a correct classification rate
over 91%, underlining the prominent influence of haptics in distinguishing between

interactive behavior classes.
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Figure 2.1: (a) Two humans cooperate to manipulate an object from one location to
another. (b) and (c) are the top and the front views of the manipulated object,
respectively. The object coordinate frame is shown in red. The numbers 1, 2, and 3 in

(b) highlight the handles, the F/T sensors, and the ArUco marker, respectively.
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2.1  Experiment

An experiment is designed to create a dataset of pHHI behaviors. The experimental task
requires two human partners to collaborate in order to lift, move, and place an object to a
target configuration through translational and rotational movements. This section
describes the experimental setup and the protocol and details the data collection and

preparation process.

2.1.1 Experimental Apparatus and Data Collection

To enable data collection, we manufactured a box-shaped object, which can be easily co-
manipulated by two subjects (see Figure 2.1). The object weighs 3100 g in total. Its body
is made of plexiglass with dimensions of 30 cm x 25 cm x 10 cm and weighs 2538 g.
Two aluminum handles, each weighing 231 g, were attached to facing sides of the object.
Two ATI-Mini40 force/torque (F/T) sensors, each weighing 50 g, were placed between
the handles and the object body to record the forces and torques applied on the side of
each subject. These signals were sampled by a USB X Series NI data acquisition system
at 1 kHz frequency.

The torques applied by each agent on the object are computed as the cross product of
the force measured by the F/T sensor and the position vector defining the point of
application (i.e., the sensor) with respect to the object’s centre of mass. The computed
torque is a vector quantity: ¢ = [zg,75,75]". It’s important to note that due to the
placement of the sensors with respect to the users’ interaction points (see Figure 2.1),
some torques are generated at the handles during a manipulation, which are measured

directly by the sensors t™ = [t}%, 7}, 77*]". As a result, we calculate the total torque

exerted on each partner’s side by summing up these two torque components as:
T= [t + 17,15+, 15 +1p]" (2.1)
The object’s position was tracked by Basler acA 1920-25um USB 3.0 camera using

an ArUco marker [49] and the OpenCYV library. The marker was placed on the top of the

object as shown in Figure 2.1.
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2.1.2 Interaction Patterns

Following Madan et al.’s taxonomy of interactive behaviors [25], we defined four
interaction patterns to be examined in this study. Two of these are harmonious interaction
types with a common intention to start/continue the motion, whereas the remaining two

are conflicting interaction types:

(1) Harmonious Translation (HT): The partners agree on translating the object

towards a common target configuration.

(2) Conflicting Translation (CT): The dyad faces a conflict as only one of the

partners intends to translate the object to the target configuration.

(3) Harmonious Rotation (HR): The partners share the same rotation intention;
hence they rotate the object collaboratively.

(4) Conflicting Rotation (CR): The dyad faces a conflict as only one of the partners

intends to rotate the object.
2.1.3 Experimental Scenarios

During the experiment, the dyad was instructed to move the object collaboratively in mid-
air to visit a set of target configurations, reachable through primitive translation and
rotation movements. We artificially created harmonious and conflicting behaviors by
providing one of the partners with different target configurations. The role of this partner
was always played by the experimenter. This was deliberately done to eliminate implicit
role allocations and differences in how people respond to and resolve conflicts. The
subjects were briefed that the experimenter will be the supervisor of the task and they
should aid him to complete the task in case they felt conflicts.

In return, the subjects’ task sequence was always constant and asked them to:

(1) lift the object up (U),

(2) rotate it counterclockwise about the x-axis (R}),

(3) translate along the negative z-axis into the red target configuration marked on

the table (T3),

(4) translate along the y-axis to reach the black target configuration (T7),
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(5) rotate the object clockwise about x-axis (R ), and

(6) put it down (D).

In shorter form, the subject’s task sequence can be written as {U, Ry, T,, T/, Ry, D}.
Note that, in this study, all the movement axes refer to the local object coordinates unless
stated differently.

The experimenter, on the other hand, was given different target configurations,
defining six different scenarios, which are depicted in Figure 2.2. Each of these six
scenarios (Scl-Sc6) aims at isolating more than one of the four specific interaction
patterns. The primitive motions that shall be performed by the subject and the
experimenter in each scenario are summarized in Table 2.1. The table also indicates the
anticipated interaction patterns arising from the interplay between the intended motions
of the experimenter and the subject. Figure 2.3 shows a representative experimenter-

subject scenario (Sc3) with the expected behaviors.
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Table 2.1: Primitive motions within the experimental scenarios and the
anticipated interaction behaviors. S: Subject, E: Experimenter, Sc1-Sc6:
Experimenter’s scenarios. U: Lift the object up, D: Put the object down,
R: Rotation, T: Translation. The superscripts and subscripts for R and T

refer to the direction and axis of the transformation, respectively.

Primitive Motion (PM) and Expected Behavior (EB)
S PM | U R} T, I R; D
PM | U R} - D - -
E: Scl
EB HR CT - - -
PM | U - T, T} R} D
E: Sc2 g ‘ X
EB CR HT HT HR -
PM U RY T, T, - D
E: Sc3 * ‘ g
EB HR HT HT CR -
PM U - Ty - D -
E: Sc4
EB CR HT CT - -
PM U R} T, Tt Ry D
E: Scb * i g ¥
EB HR HT HT HR -
PM U - Ty T, - D
E: Scb
EB CR HT HT CR -
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whereas solid arrows represent their actions.
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2.1.4 Participants and Protocol

We conducted a study with 12 subjects (8 males and 4 females with an average age of
28.4 £ 7.0 SD) to collect data within a dyadic object transportation task. During the
experiment, each subject collaborated with the experimenter to move the object between
designated configurations following the patterns in Table 2.1. The experimenter always
stood at the same position and acted as the task supervisor. In order to eliminate any visual
contact with the experimenter, the subjects wore industrial eye protection glasses which
were modified by shading most of the glasses, leaving a small gap at the bottom to observe
just the scene.

The subjects started the experiment facing the experimenter, while the object lay on
the table. The subjects and the experimenter were instructed to grasp the handle on their
side, lift the object up from the table, and move and place it to a target pose by passing
through a series of intermediate goal configurations. The dyad performed 12 trials, where
scenarios Sc1-Sc6 were executed twice (Table 2.1). The order of the scenarios was
randomized but was the same throughout the experiment for all subjects.

In order to achieve synchronization, we implemented two distinctive software beeps:
The first beep indicated the partners to grasp the handles gently. The second beep was
played after five seconds to indicate the start of the trial, asking the dyad to lift the object
up and start the transporting motion.

At the beginning of the experiment, the subjects were briefed about the task, and
familiarized themselves with the object. The subjects were given training through
experimenting with the task sequence prior to data acquisition. During the training, each
subject performed all the scenarios with the experimenter (Sc1-Sc6) once. The subjects
were not aware of the experimenter’s goal, but they were told that in some trials, the
experimenter might have different goal configurations at each step within the task. In such
cases, the subjects were asked to collaborate with the experimenter. For instance, if
they felt a conflict when trying to rotate the object, they were instructed to stop the

rotation and move on to the next task segment along with the experimenter.
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2.1.5 Data Segmentation

After data collection, raw haptic data were annotated by the experimenter, who has a good
understanding of the interaction behaviors. The annotation was done manually through
visual inspection of data based on the expected patterns listed in Table 2.1. Although the
primitive motions are designed to elicit anticipated interaction patterns, we further
confirmed that these interaction patterns appear in the data. The time-series was first
segmented by utilizing the object pose. This was done by observing the object movement
along the desired axis based on the designed scenario. For instance, in Sc4, the partners
have the same intention to translate the object along y-axis. By inspecting the object
movement along this axis, we can see that they successfully translate the object from the
start position to the red point, see the pink region in Figure 2.4a. Therefore, we considered
this period as a harmonious translation (HT). We used the same procedure to detect the
harmonious rotation behaviors through observing the object rotational movement.

However, as the pose information was expected to be static during conflicting behaviors,
we used the changes in force and torque commands to segment CT and CR. For instance,
the conflicting translation periods were segmented using the changes in forces applied in
the direction of conflict. In more details, during this period, the partners applied high
forces values in opposite directions to each other along z-axis (see Figure 2.4e) while no
considerable movement occurs along that axis, see Figure 2.4b. Likewise, utilizing the
changes in the applied torques, the conflicting rotation periods were tightly segmented.
For instance, in Sc4, the subject scenario includes a rotation about x-axis, so he/she
applies torque about this axis to rotate the object. On the other hand, the experimenter
scenario in Sc4 does not include this initial rotation sub-movement. As a result, he would
prevent this rotation by applying a torque in the opposite direction to the that applied by
the subject to prevent the rotation, see Figures 2.4c and 2.4d. The remaining periods,
where no changes are observed in the applied forces/torques, were considered as pauses.
After this procedure, each segment was assigned a label, matching one of the four
interaction behavior patterns. The haptic data was recorded at a frequency of 1 kHz, and

for each time step of our labeled data, the haptic-based features were calculated.
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Figure 2.4: Forces, torques, object position, and object orientation generated
by a representative dyad under Sc4 for different interaction behaviors.
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2.2  Force/Torque Patterns in Interaction Behaviors

This section presents an in-depth investigation of the force/torque patterns encountered
in the proposed scenarios. This analysis provides us with essential observations on metrics
description and also on feature extraction process, which will be explained in Sections
2.3 and 2.4, respectively.

Figure 2.5 displays the forces and torques generated by a representative dyad in
scenarios Sc4 and Scb. In all plots, subscripts S and E refer to the subject and
experimenter, respectively. Please note that all data are reported with respect to the object
frame.

Figure 2.5(a) illustrates the forces, F, exerted by each partner. Figures 2.5(b) and
2.5(c) respectively plot the computed torques, ¢, and the measured torques, ™. The total
torques applied by each partner (i.e., t = 7€+ ™) are depicted in Figure 2.5(d). Finally,
Figure 2.5(e) shows the net torques, sy = Tz + T, applied on the object by the dyad.

As shown in Figure 2.5(a), the forces exerted in x-axis have high values and show a
similar pattern throughout all four behaviors. This is due to the fact that these forces are
used dominantly for gravity compensation. Likewise, the partners exert matching torques
about y-axis in opposite directions (zsyy, =~ 0) with a similar pattern throughout all
behaviors when lifting the object (see Figures 2.5(d) and 2.5(¢)).

During HT behavior (marked pink in Figure 2.5), the partners harmoniously translate
the object along a desired axis. For instance, in scenario Sc4 (see Figure 2.2(1V)), the
partners harmoniously translate the object along the positive y-axis as they share an
intention to translate the object to the red target without rotation. This behavior manifests
itself by the partners’ applied forces along the direction of motion. In Figure 2.5(a) left
panel, both partners apply forces in y-axis to synchronously accelerate the object, and
then reverse the direction of the applied forces to decelerate it.

Other examples of HT can be seen in scenario Sc5 (see Figure 2.2(V)). In this
scenario, two harmonious translation periods can be observed. In the first one, the partners
translate the object cooperatively in the negative z-direction, while in the second period,
they translate it along the positive y-direction. In both segments, similar to the behavior
observed for HT in scenario Sc4, the partners first accelerate the object
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Figure 2.5: Forces and torques generated by a representative dyad under Sc4 and Sc5 for
different interaction behaviors. Left and right panels represent the behaviors encountered
during Sc4 and Scb, respectively. CR, HT, CT, and HR refer to conflicting rotation (gray
color), harmonious translation (pink color), conflicting translation (yellow color), and
harmonious rotation (violet color) periods, respectively. Subscripts S and E refer to the
subject and experimenter, respectively. (a) measured (applied) forces F; (b) computed
torques t¢; (c) measured torques ™; (d) total applied torques by each partner 7; (e) net

torques applied on the object by the dyad, tsyy = T + Ts.
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by applying forces in the desired direction of motion, then reverse the force direction to
decelerate it (see Figure 2.5(a) right panel).

However, it is worth to mention that in some HT periods, when one partner applies
force in the direction of movement to accelerate the object, due to the speed mismatch
between the partners, this force creates a reaction force on the second partner’s handle.
Since the second partner has the same intention to translate the object, he/she tries to
contribute in the translation by compensating the reaction force to provide the relevant
compliance to his/her partner.

In CT behavior (marked yellow in Figure 2.5), the partners disagree on the intended
translation motion. This behavior is generated in scenario Sc4, where the subject and the
experimenter have different goals, i.e., the experimenter aims at reaching the red point as
shown in Figure 2.2(1V) and terminates the task, whereas the subject’s initial goal is to
proceed to the black point (see Figure 2.3(1)). This disparity between the goals creates a
conflict, which is observable through investigating the forces along the z-axis. As shown
in Figure 2.5(a) left panel, the subject wants to translate the object after reaching the red
dot; hence he/she applies a force along the z-direction. However, the experimenter aims
to stay on the red point without incurring any further translation. As a result, he conflicts
with subject’s translation intention by applying a force in the opposing direction, so that
no translation occurs.

In CR behavior (marked grey in Figure 2.5), the partners disagree on the intended
rotation of the object. In this scenario, the subject aims to rotate the object at the beginning
of the task (see Figure 2.3(l)). However, as shown in Figure 2.2(I1V), the experimenter’s
scenario (i.e., scenario Sc4) does not involve that initial rotation. Therefore, the
experimenter conflicts the subject and tries to prevent him/her from rotating the object.
In effect, both partners apply forces along the y-axis; however, since their intentions are
different, these forces are expected to be in the same direction to generate opposing
torques, which should cancel out as long as the conflict is not resolved. However,
investigating Figures 2.5(a) and 2.5(b) left panel, we observe that the exerted forces on
partners’ sides along y-axis are in opposite directions, creating torques in the same
direction (i.e., the computed torques ¢ around x-axis). Nevertheless, inspecting the
object pose reveals that the experimenter succeeded in preventing the object rotation. This

can be clarified by observing the torques measured by the sensors on the handles, ™,
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which indicate the dominant opposition in torques about x-axis (see Figure 2.5(c) left
panel). Summing up 7€ and ™ to compute the applied torques on each partner’s handel,
T, reveals that opposing torques of comparable magnitudes are exerted on the partners’
handels about x-axis. This results in approximately zero net torque on the object about
the x-axis, Tgy,,_, as shown in Figure 2.5(g) left panel, causing no apparent rotation in the
final motion.

Finally, in HR behavior (marked violet in Figure 2.5), the partners share the intention
to rotate the object in the same direction. Consequently, they work cooperatively to rotate
the object. This is expected to be realized by applying torques in the same direction about
the axis of rotation. However, we see that the torques applied by partners about x-axis are
in opposite directions as illustrated in Figures 2.5(b)-(d) right panel. An explanation for
this ambiguity is the out of synchronization of partners since each of them has his/her
own reaction time to start the movement. In our experiments, we observed that it is hard
for the dyad to synchronize their movement when rotating the object. In reality, the
rotation is initiated by one partner, who applies a torque in the direction of rotation. This
torque, due to the difference in partners’ reaction time [20], produces a reaction torque on
the second partner’s handle. Since the second partner shares the same intention to rotate
the object cooperatively, he/she tries to contribute to the rotation by compensating the
reaction torque and adjusts the torque to provide the relevant compliance to his/her
partner. This observation is consistent with Stefanov et al.’s observation in [19] about
executor and conductor roles in dyadic operation. Figure 2.5(d) right panel illustrates g
and 7. The torque exerted by one partner about x-axis is higher and in the opposite
direction than the torque exerted by the second partner. As a result, some net torque is
applied on the object by the dyad about the x-axis (i.e., Tsym,), Which generates the
resulting rotation of the object (see Figure 2.5(e) right panel).

HR is encountered twice in scenario Sc5 (see Figure 2.2(V)). The first rotation is
counterclockwise, which requires the partners to apply a positive net torque about x-axis
to accelerate the object (i.e., +7syu,). We observed that after starting the rotation, the
dyad reversed the direction of the net torque to decelerate the object. In the second
occurrence of HR, the direction of rotation is clockwise. To accomplish this rotation, the

partners applied a negative net torque about x-axis (i.e., —Tsyu,) to accelerate the object
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and then reversed the net torque direction to decelerate it, as shown in Figure 2.5(e) right
panel.
The conclusions we reach from these observations are as follows:
1) Due to the physical setup, we verified that the applied torques on the object shall
be calculated using the summation of the computed and the measured torques.
2) Each interaction behavior generates unique and complex force or torque patterns.
due to the complexity of the signals, a machine learning approach is needed to
differentiate the interaction behaviors.
3) Using forces or torques in isolation would be inadequate to classify the behaviors
(see Section 2.5.1 for more details). Hence, the integration of force and torque
information is essential to describe the motion patterns in each of the four
interaction behaviors.
4) Due to the nature of the manipulation task, some force and torque variables (e.g.,
those used for gravity compensation) may have significantly higher values,
without being informative for classification. Hence, a plane-based analysis is

desirable.

2.3 Haptic-Related Metrics for Dyadic Collaboration

Our hypothesis in this study is that haptic information plays an essential role for the
classification of interaction patterns. In [25] [26], it has been shown that the raw haptic
data were insufficient to achieve good classification rates and the kinematic information
of manipulated object was needed. However, this requires object tracking, which can
typically be achieved through external sensing. In this study, we eliminate the need for
object pose by designing a set of haptics-related features to train the behavior
classification model. These features are computed based on the metrics proposed by
Noohi and Zefran to quantify the collaboration quality on a 1-DoF task [16]. In this
section, we present these metrics and provide details on how we modified them to handle

6-DoF motion.
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Figure 2.6: Force decomposition (adopted from Noohi and Zefran [16]). Fg,
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Fs, and Fgy,, are the forces applied by the experimenter and subject and their
summation, respectively. F; and F¢; are the effective forces for the

experimenter and subject, respectively. Fyormaz 1S the normal force.

In order to put the following equations in context, assume the scenario, where the
experimenter (E) and the subject (S) exert forces F and Fg on an object. The resultant net
force acting on the object is then computed as Fg;), = Fr + Fs. We decompose the force
applied by each partner into two components: an effective force component that is in the
direction of F ), and contributes to the task, and a normal component, that is canceled
out during the interaction by the forces applied by the other partner in the normal
direction. The effective forces Fz and Fs, applied on the object by the experimenter and
the subject, are computed respectively as the projection of Fz and Fs on the net force,
Fsynm, as shown in Figure 2.6. Since the effective forces contribute to the net force in

variable degrees, they can be written as:
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Fg(t) = aFsym(t) (2.2)
Fs(@®) = BFsym(t) (2.3)

where ¢ + B =1, and t stands for the current time step.
The force cooperation index o represents the extent to which the partners help each
other and can be computed as:

§=1/2—a (2.4)

where «a is defined in eq. (2.2). § = 0 indicates that each partner carries out half of the
voluntary effort during the task. When |§(t)| < 0.5, partners work in a collaborative
mode: either both partners exert forces in the direction of the net force as seen in Figure
2.6(b), or one partner is passive as seen in Figure 2.6(a). In contrast, when one partner’s
force is in the opposite direction to the net force, as in Figure 2.6(c), the partners work in
a non-collaborative mode with |§(t)| > 0.5.

In the rest of this section, we summarize the force-related metrics, which are used as

features for behavior classification.

e Individual efficiency: This assesses to what extent a partner’s exerted force
contributes to his/her effective force:

IFx @Il
IFxe (Ol

MgK(t) = (2.5)

where k refers to the experimenter (E) or the subject (S) and

0 < Mg, (t) < 1. The individual efficiency is maximized when Mg, = 1.

e Team efficiency: The efficiency of the dyad as a team is defined as the ratio of the
magnitude of the net force to the sum of the magnitudes of individual forces exerted by

partners:

| Fsum (Bl
|Fe O + IFs O

Mrg(t) = (2.6)
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where 0 < ME.(t) < 1. When MEL(t) = 1, no effort is wasted, i.e., the individual forces
and the effective forces are the same and ||Fyormar (£)1l= 0; hence team efficiency is
maximum. When MZ(t) = 0, the partners cancel each other’ forces, i.e., || Foyu (£)||= 0;

hence team efficiency is minimum.

e Negotiation efficiency: The efficiency of the negotiation process represents the extent
of disagreement between the partners at a given time during the task:

I Fsum @Ol

Mue(®) = TN+ T O

2.7)

where 0 < ME.(t) < 1. Note that whenever the interaction is in a collaborative mode,
|6(t)] < 0.5, the negotiation efficiency is maximum, such that M. (t) = 1. Otherwise,
Mf(t) < 1.

e Similarity of forces: This represents the similarity between the effective forces

exerted individually by partners:

IFz Ol = IIFs Ol

F — 1 —
Ms(8) =1 Fsom O

(2.8)

where 0 < Mf(t) < 1. When the partners work in collaborative mode (|5(t)| < 0.5),
we have 0 < MI(¢t) < 1. Maximum similarity, M (t) = 1, means that both partners
exert exactly half of the voluntary effort. When M& (t) = 0, the partners are in non-
collaborative mode (|5(t)| > 0.5).

As discussed in Section 2.2, some interaction behaviors share very similar force
patterns, and can be distinguished only through investigating the torque patterns.
Therefore, we extend the above definitions to describe torque-related information as an
effort to extract more comprehensive and informative features and improve the
classification results. The torque metrics are computed in a very similar fashion to how
it’s done for the force metrics. Table 2.2 provides the relevant formulations for the wrench

metrics, combining the force and torque-based metrics designed and used in this study.
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Table 2.2: Wrench-based metrics.

Metric Formula
Individual force efficiencies Mg, (8) = ::28::
Team force efficiency Mrg(t) = IFz (“t})‘ﬂiriﬁglsl(t)ll
Negotiation force efficiency Myg(t) = I Fg(lgﬂuf (||t1):l| @l
Similarity of forces Mi(t) =1— IIFE(lifzsllu;(liﬁ(t)||
Individual torque efficiencies Mg, (t) = :::ig::
Team torque efficiency My (t) = IITE(lltr)Slrz(Isz(t)ll
Negotiation torque efficiency Mye(t) = ||TE(||£S||U_|M_(|T£2(Q||
Similarity of torques Ms(t) =1- lltgﬁrzsli,,;(lgfl(t)”

2.4 Feature Extraction and Classifier Design

After performing the experiment, the raw data were processed to create a labelled dataset
of force and torque-based metrics as features, consisting of our data points as instances
and the metrics as features. The data were labelled based on the segmentation explained
in Section 2.1.5.

2.4.1 Feature Extraction

As discussed in Section 2.2, the object movement that is relevant to our interaction
behaviors are mainly in the y-z plane for the current task. However, as we are targeting

classification for unconstrained transportation, it’s interesting to investigate interactions
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between task DoFs. In this regard, it is possible to extract features from the data using the
net forces/torques acting on the object in 3D space; or alternatively, one can analyze the
task in different movement planes and extract features for each of these planes. We
hypothesized that the latter approach would be more informative for classification as it
can extract the characteristics, we observed for each behavior better. In particular, as our
observations in Section 2.2 indicate that large lifting forces in x-axis and torques around
y-axis, which are not directly pertinent to the interaction patterns, could dominate subtle
force and torque patterns which could be relevant to the interaction dynamics. Hence, we
hypothesize that in contrast to a space-based feature extraction method, extracting
features on separate planes can eliminate such difficulties.

In order to compute plane-based features, we focused on 3 principal orthogonal
movement planes in Cartesian space, i.e., x-y, X-z, and y-z. Let’s assume A refers to a

specific plane A € {x-y, x-z, y-z}. The forces exerted by the experimenter, Fg,, and the
subject, Fs,, on these planes are computed using a projection operation. The net force
applied on the object by the partners on plane A is computed as Fgyp, = Fg, + Fs,. The
effective forces applied by the dyad, Fz, and F,, are computed as the projection of Fg,
and Fg, on Fgyy,, in 2D as explained in Section 2.3.

The torque decomposition is done in a very similar fashion to forces. In the plane-
based analysis, we consider the torques perpendicular to the plane A. For each partner,
these torques are generated by summing up the measured torques about the axis
perpendicular to the plane A and the torques caused by the applied forces in plane A (i.e.,
the computed toques). These generated torques are denoted by 7z, and 75, for the
experimenter and the subject, respectively. Accordingly, the net torque applied by the
partners on the object perpendicular to the plane A is computed as tgyy, = 75, + Ts,.
Since 7, and 75, are in the same direction of 7y, ,, they are considered as the effective
torques perpendicular to the plane A of the experimenter and the subject respectively (i.e.,
T, = T, and 75, = 1g,).

Using these two approaches, we evaluate two different ways of feature extraction
from raw data. This results with two feature sets of differing sizes as summarized in Table
2.3
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1) Space-Based Features: Wrench-related metrics are calculated by considering the
force/torque decomposition in 3D. This process results with 10 metrics (i.e., 5
force-related and 5 torque-related) as explained in Section 2.3.

2) Plane-Based Features: We perform force/torque decomposition separately for
each principal movement plane, x-y, x-z, and y-z. That results with 30 metrics (i.e.,

5 force-related metrics x 3 planes and 5 torque-related metrics x 3 planes).

Table 2.3: Wrench-based features

- No. of Features
Features Description
Space-Based Plane-Based

Mg, ., Mg, Individual efficiencies 1x4 3x4
Mfg, Mfg Team efficiency 1x2 3x2
ME., M} Negotiation efficiency 1x2 3x2
ME, MZ Similarity 1x2 3x2
Total 10 30

2.4.2 Classifier Design

We used a random forest classifier to distinguish between the aforementioned interaction
patterns. Random forest is an ensemble learning algorithm, which combines multiple
decision trees, i.e., a forest. The algorithm works by learning decision trees on different
subsamples from the dataset and uses averaging to select the correct class for multi-class
classification given a multitude of decision tree results. In this study, we used the Python
Scikit-Learn implementation of the algorithm [50]. The number of trees in the random
forest was set to 100, the maximum depth of the trees was unconstrained (i.e., the nodes
were expanded until all leaves are single samples), and the quality of a split is measured
through information gain.

In our experiments, we investigated the use of different feature sets. To evaluate

which feature set is superior to others, we trained a separate classifier for each feature
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type. To verify the classification performance and to avoid overfitting, the dataset
(consisting of the features and corresponding behavior labels) was split into two distinct
parts as the training and test sets. The splitting was done by selecting data coming from 8
trials from all the subjects as the training set, and the remaining 4 trials’ data as the test
set. This procedure sets aside the test set to be reserved for verifying the model. The
training set is used to learn the classification model. Once training is done, the test set is
used to assess the performance of the trained classifier.

The classifier performance was evaluated using the correct classification rate
(accuracy), normalized confusion matrix, and the balanced error rate (BER).

Once we assessed the overall success of each feature set, we selected the top achiever,
and investigated how the corresponding classifier performs when the test data comes from
a subject, who wasn’t included in the training set. For this purpose, we conducted leave-
one-out (L10) cross validation, where we used the data from 11 subjects as the training
set and assessed the performance of the trained classifier using the 12" subject’s data as
the test set. The procedure was repeated looping through all subjects, so that each
subject’s data was isolated once over the analysis. In addition, we performed feature
selection on the top achiever to analyze which subset of features optimize the

classification accuracy.

2.5 Results and Discussion

In this section, we first discuss the classification results for isolated force and torque-
based feature sets. Afterwards, we present the results achieved by combining force and
torque-based features to create a wrench-based feature set. Finally, we perform feature
selection and discuss the optimal feature set, which is most informative for the task at
hand.

2.5.1 Classification with Isolated Force and Torque-based Feature Sets

In Section 2.2, we observed that while the force information can sufficiently describe the

motion in some behaviors (e.g., HT), torque information is more informative in describing
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the motion in other behaviors (e.g., HR). Accordingly, we argued that relying on neither
the force nor torque features alone would be sufficient.

In order to demonstrate our argument, we trained 4 classification models using the
data coming from 8 trials from all subjects and then tested them with the remaining 4
trials’ data. In creating the feature sets, we considered using either the force data alone,
or the torque data. Moreover, two decomposition approaches explained in Section 2.4.1,
namely, the space-based and plane-based methods, are adopted. This resulted with four
different feature sets (see Table 2.3):

e FSB Force Space-Based Feature Set: Features are extracted using the 5

force-related metrics computed using the space-based decomposition approach.

e FPB Force Plane-Based Feature Set: Features are extracted using the 15

force-related metrics computed using plane-based decomposition approach.

e TSB Torque Space-Based Feature Set: Features are extracted using the 5

torque-related metrics computed using space-based decomposition approach.

e TPB Torque Plane-Based Feature Set: Features are extracted using the 15

torque-related metrics computed using plane-based decomposition approach.

The classifiers trained with FSB and FPB respectively achieve classification
accuracies of 60.68% and 68.06% with BERs of 0.34 and 0.27.
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Figure 2.7: Confusion matrices for a) classifier trained with FSB feature set and b)
classifier trained with FPB feature set. HT, CT, HR, and CR denote harmonious
translation, conflicting translation, harmonious rotation, and conflicting rotation,

respectively.
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Figure 2.7 shows the confusion matrices for each feature set. As seen here, both
classifiers are particularly unsuccessful distinguishing between HR and HT patterns, and
score as poor as random guessing (i.e., 25%) when trained with FSB.

Using the plane-based features improves classification rates slightly, however, does
not manage to solve the confusion between HR and HT.

In contrast, the classifiers trained with TSB and TPB achieve classification
accuracies of 47.92% and 71.37% and BERs of 0.61 and 0.34, respectively. The confusion
matrices are shown in Figure 2.8.
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Figure 2.8: Confusion matrices for a) classifier trained with TSB feature set and b)
classifier trained with TPB feature set. HT, CT, HR, and CR denote harmonious
translation, conflicting translation, harmonious rotation, and conflicting rotation,
respectively.

Evidently, the torque-based features perform very poorly. Using the space-based
decomposition, the classifier fails to distinguish CT, CR and HR. Adopting the plane-
based approach drastically improves the classification of CR. However, neither feature
sets (i.e., TSB and TPB) can improve the classification rate of CT.

These results show that the classifiers trained with the plane-based features achieve
higher accuracies in comparison to those trained with features extracted using the space-
based approach. However, these features cannot eliminate the confusion between HT vs
HR using only force-related features and have failed in classifying CT correctly with the
torque-related feature sets.
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2.5.2 Classification with Wrench-based Feature Set

Since using either force or torque data alone was inadequate to generate feature sets
capable of distinguishing between the interaction behaviors, we combined these to create
awrench-based features. In similar fashion to the previous section, we created two feature
sets:

e WSB Wrench Space-Based Feature Set: Features are extracted using the 10
force/torque-related metrics computed using space-based decomposition
approach (i.e., 5 force-related metrics and 5 torque-related metrics).

e WPB Wrench Plane-Based Feature Set: Features are extracted using the 30
force/torque-related metrics computed using plane-based decomposition
approach (i.e., 15 force-related metrics and 15 torque-related metrics).

Accordingly, two classifiers were trained with data coming from 8 trials considering
all the subjects’ data. After training the classifiers, we tested them with the remaining 4
trials’ data. The results indicate that WSB classifier achieves an accuracy of 78.59% and
BER of 0.20, whereas the WPB classifier achieves an accuracy of 91.02% and BER of

0.08. The confusion matrices for the both classifiers are shown in Figure 2.9.
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Figure 2.9: Confusion matrices for a) classifier trained with WSB feature set and
b) classifier trained with WPB feature set. HT, CT, HR, and CR denote harmonious
translation, conflicting translation, harmonious rotation, and conflicting rotation,
respectively.
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The results show that utilizing the wrenches (i.e., combining force and torque
information) makes our feature set more robust, and leads to a significant increase in
classification accuracy. Although both classifiers can successfully separate all behaviors,
the WPB feature set achieves better classification rates. This means that the features
extracted by the plane-based force/torque decomposition are more informative than those
extracted by the space-based technique. To be fairer, the plane-based force/torque
decomposition resulted with more features number than the space-based technique (i.e.,
30 features vs 10 features), this might be also a reason of getting a better classification
result when the plane-based force/torque decomposition technique is used.

We used some other machine learning algorithms such as support vector machine
and ANN. Figure 2.10 shows the confusion matrix for SVM classifier trained with WSP
feature set.
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Figure 2.10: Confusion matrix for SVM classifier trained with WPB feature set.
HT, CT, HR, and CR denote harmonious translation, conflicting translation,

harmonious rotation, and conflicting rotation, respectively.
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As mentioned in Section 2.4.2, L10 cross-validation was used to investigate how the
best achieving feature set performs when the data comes from a new subject. We tested
this procedure with the WPB feature set, and achieved an average accuracy of 88.69%
and average BER of 0.094. Figure 2.11 shows the average confusion matrix for this
classifier. As can be seen, the classification rates are consistent with the original protocol,

and demonstrates good generalization for different users.
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0.6
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Figure 2.11: Confusion matrix for classifier trained with WPB feature set utilizing
L10O protocol. HT, CT, HR, and CR denote harmonious translation, conflicting

translation, harmonious rotation, and conflicting rotation, respectively.

2.5.3 The Optimal Feature Set Selection

To conclude our analyses, we performed feature selection to discover the optimal feature
set to train the classification model. We used the mean decrease impurity (MDI) method
(sometimes called gini importance) for feature ranking [48]. MDI represents importance
regarding how many times a feature is used to split a node, weighted by the number of
samples in the node. The decrease in node impurity is summed for each feature and
averaged across all trees in the forest.

Table 2.4 presents the feature ranking provided by MDI. In order to select the most
relevant subset of features, we perform forward selection: Starting with an empty subset,

we iteratively add the features to the model, based on the feature importance as given by
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MDI. Then, for each feature subset, we compute the performance of the model. Figure
2.12 shows the output of this process.

The optimal feature set that maximizes classification accuracy consists of the first 25
features in Table 2.4 with a classification accuracy of 91.25% and a BER of 0.07.

However, as can be seen in Figure 2.12, the accuracy is almost constant after
including the first 13 features (89.78% accuracy, 0.09 BER), and reaches a good level
with only 5 features (85.66% accuracy, 0.12 BER). We observe a large drop in
classification accuracy when the feature subset is limited to the first 4 features (69.62%
accuracy, 0.35 BER).

Figure 2.13 shows the confusion matrices for the classifiers trained with these feature
subsets, consisting of 25, 13, 5 and 4 features. Although the classifier trained with an
optimal feature set consisting of 25 features achieves the higher accuracy with a minimum
classification rate of 82% for HR, the classifiers trained with 13 and 5 features also
achieve good accuracies with a minimum classification rate of 70% for HR. On the other
hand, when we train the classifier with only the first 4 features, the overall accuracy drops
to 69% with strong misclassification for the CT behavior. Observing Table 2.4 reveals
that this optimal feature set does not contain any force information. This indicates the
necessity of force information to describe the translation behaviors (i.e., HT and CT) as
we have observed in Section 2.2.

Table 2.4 indicates the importance of individual torque efficiencies about y-axis,
Mg (y) and Mg _(y), as they come in the 1% and the 3" in ranks, respectively. Our
observations in Section 2.2 indicate that the applied torques about y-axis have a similar
pattern with high values across all behaviors. We can see in Figure 2.5 that the individual
torques about the y-axis drop slightly in magnitude under CR. This is coupled by a
dramatic change in the applied torques around the x-axis. The efficiency is computed as
the ratio of individual torques about y-axis to the norm of the total applied torque by that
partner in 3D. Hence, Mg (y) and Mg, (y) capture important information to distinguish

CR from other behaviors.
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Table 2.4: Feature ranking provided by MDI

Rank Metric | Importance (%) | Rank | Metric | Importance (%)
1 ME.(¥) 12.39 16 | ME.(y2) 2.05
2 ME, (%) 10.90 17 | M, (y2) 1.89
3 Mg, (y) 9.80 18 Mgs(yz) 1.71
4 MEg(x) 8.72 19 | ME(xy) 1.63
5 ME, (xy) 7.47 20 | ME(xz) 1.50
6 ME_(x) 6.78 21 | ME (v2) 1.32
7 Mg, (xz) 417 22 | Mi:(2) 0.63
8 ME, (x2) 4.08 23 | ME(yz) 0.54
9 ME, (xy) 4.05 24 | Miz(y) 0.41

10 Mg, (xy) 4.04 25 | Mi:(y) 0.39
11 M7 (x) 3.92 26 | MI(x) 0.34
12 ME(xz) 3.19 27 M (2) 0.11
13 ME_(2) 2.94 28 | ME.(xy) 0
14 M} (2) 2.58 29 | ME(x2) 0
15 MEg(2) 2.31 30 | MI(y) 0
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Figure 2.12: Classification accuracy vs number of features added to the model

incrementally using MDI ranking.

1.0 1.0
HT HT
0.8 0.8
5 CT 06 T 0.6
o o
= =
E E
[ =] HR 0.4 [ = HR 0.4
0.2 0.2
CR CR
0.0 0.0
& <& & & & ¢ F &
Predicted label Predicted label
(a) (b)
1.0 1.0
HT HT 0.08 0.06 0.01
0.8 0.8
5 CT 06 3CT 0.01 0.28 0.07 0.6
e e
) )
4] 4]
2 2
F HR 04  Fur{ o028 0.01 0.01 0.4
0.2 0.2
CR{ 0.00 0.00 0.00 CR{ 0.00 0.00 0.00
0.0 0.0
& o F & & < & &
Predicted label Predicted label
(c) (d)

Figure 2.13: Confusion matrices for classifier trained with the optimal WPB
feature set containing: (a) 25 features, (b) 13 features, (c) 5 features, and (d) 4

features.
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In addition, M (x) and ME_(x) find high places (i.e., 2" and 6™) in the feature
importance ranking. This is due to the prevalence of the torques around x-axis as shown
in Figure 2.5. Thus, they are informative for differentiating CR.

Team torque efficiency about x-axis, M%;(x), is the 4" important feature. It
represents the ratio of the net torque applied on the object about x-axis divided by the
norm of the total applied torque by the partners in 3D. Considering that there is no explicit
rotation in HT, CT, and CR, the numerator for this metric (i.e., Tsypy,) has always a small
value (i.e., near zero, see Figure 2.5(¢)). On the other hand, in HR, the numerator, Tsy .,
has relatively a high value, which helps in rotating the object (see Figure 2.5(¢)). Due to
this, M7z (x) is informative to differentiate HR than other behaviors. As a result, the first
four important features in Table 2.4 can differentiate HR and CR from HT and CT (see
Figure 2.13(d)).

In the 51, 9™ and 10" importance ranks (see Table 2.4), we have the individual and
team force efficiencies in x-y plane Mg (xy), M7z (xy), and Mg, (xy) respectively. This
is not surprising as we know that y-axis forces have different patterns in different
interaction behaviors, especially in CT where the main exerted forces by the partners are
in x and z-direction (i.e., Fs,= Fg, ~ 0). As a result, adding such features increase the
classification accuracy to distinguish CT from other behaviors (see Figure 2.13(c)).

Negotiation torque efficiency about x-axis, M5z (x), occupy the 11" important rank.
This feature represents the ratio of the net torque applied on the object about x-axis
divided by the norm of the effective applied torque by the partners about that axis (i.e.,
the x-axis). Therefore, following the same explanation for M7 (x) above, this feature
(i.e., Mg (x)) can be informative in differentiating HR from other behaviors.

Since the forces in z-direction also have a unique pattern in CT, it was not surprising
that the force-related metrics in x-z plane Mg, (xz), Mg (xz), and Mrz(xz) have
important weights and come in 71, 8", and 12" importance ranks, respectively.

Our haptic metrics can be categorized in to two groups; those that include information
about the forces/torques in the considered plane only (i.e., negotiation efficiency and
similarity); and those that carry the force/torque information in the considered plane with
respect to total forces/torques applied by the partners in 3D (i.e., individual efficiency and

team efficiency). Looking at Table 2.4, we can clearly say that the metrics in the latter
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category are in general more significant than those in the first category. For instance, it is
shown that force negotiation efficiency in x-y plane (28"), and in x-z plane (29"") and the
similarity in torques about y-axis have zero weight, as these features hold no distinct

information throughout all interaction patterns.
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Chapter 3:

RESOLVING CONFLICTS DURING HUMAN-ROBOT CO-
MANIPULATION

In this chapter, we aim at adjusting a robot’s behavior to adaptively cooperate with a
human while performing an object manipulation task. To achieve this, we propose an
approach that enables the robot to detect the dyadic interaction behaviors emerge during
the execution of the co-manipulation task. Compared to the earlier studies, we focus on
dyadic behaviors rather than human intention alone. We utilize features derived from
haptic data only as inputs to a machine learning algorithm to detect if both robot and
human translate the object harmoniously or they face a conflict. Accordingly, a robot can
act as a follower to a human partner or lead the task proactively in response to the detected
interaction behaviors. For this purpose, we implement an admittance controller to make
the robot behave proactively, and an artificial potential field approach to define the
trajectory for the proactive robot. We designed experimental scenarios to build the
learning model, and then we utilized this model in a pHRI co-manipulating task to verify

our proposed algorithm.

3.1  Approach

In this part, we focus on conflict-driven dyadic interaction patterns that typically emerge
during co-manipulation. In our pHRI scenario, the human and the robot collaborate to
jointly move an object (see Figure 3.1) toward a target location. Our approach detects
interaction patterns using a random forest classifier, which is a supervised ML

classification algorithm, and adapts the robot’s role accordingly.
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Figure 3.2. presents a flowchart to summarize our approach: Initially, the robot
passively follows the movements of the human based on the magnitude and direction of
the forces applied by him/her, since it is not given the target location. Once the direction
of human force vector settles (see Section 3.1.3), robot estimates an intended target
location by intersecting a line in the direction of human force vector with a virtual
boundary defined by a virtual circular workspace defined around the robot. An artificial
potential field (APF) is generated to compute a trajectory for the robot to move the object
towards the estimated target location. At this stage, the robot becomes proactive and
moves the manipulated object collaboratively with the human partner. If the human

changes the target during this manipulation, a conflict arises.

Figure 3.1: Human-robot co-manipulation scenario. Upper left figure shows the
force sensors attached to the object for measuring the forces applied by human (1)
and robot (2), the actual object being manipulated (3), human hand (4), and our

collaborative robot (5).
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Figure 3.2: The flowchart of the proposed pHRI approach for co-manipulation

of an object.
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We use a random forest ML model, trained with haptic-related features derived from
the forces/torques (i.e., wrenches) applied on the object, to detect three interaction
patterns:

1) WH: Working in Harmony: The partners agree on the target direction; hence,
they move the object harmoniously.

2) CD: Conflict in target Direction: The partners face a conflict in movement
direction as each aims at a different target location.

3) CP: Conflict in Parking location: The partners face a conflict in parking
location since one of them aims to stop the motion of the object before or after the
intended/estimated target location.

The random forest ML classifier detects these behaviors and notifies the interaction
controller of the robot to generate a suitable response as shown in Figure 3.2. If WH
pattern is detected, the controller maintains the proactive status of robot.

On the other hand, if CD is detected, the controller switches the robot role to a
follower until a new target location is determined and a new trajectory is generated. In
CP, robot relinquishes its trajectory and acts as a follower to assist the human in parking
the object. To avoid any jerky motion in CD and CP due to the switching between robot
states, we gradually scale down the robot’s attractive force in APF to zero once the robot

turns from a proactive state to a passive state.

3.1.1 Hardware Setup

The setup used in our experiments (see Figure 3.1) consists of a UR5 collaborative robot,
a box-shaped object made of plexiglass with dimensions of 30 cm x 25 cm x 10 cm and
a weight of 2.5 kg, two force/torque (F/T) sensors (Mini45, ATI Inc.), and a computer
screen to provide visual feedback for the participants. This setup physically couples the
human and the robot through the manipulated object. One end of the object is rigidly
connected to the robot via an F/T sensor to measure the wrenches applied by the robot.
Human holds the object from the opposing end through an aluminum handle. A F/T sensor
is attached to this handle to measure the human wrenches. All data is acquired at 125 Hz
by an external DAQ card (USB-6343, National Instruments Inc.), connected to a personal

computer.
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3.1.2 Control Architecture

The control architecture utilized in this study is shown in Figure 3.3. An admittance
controller regulates the interactions between the human and the robot. Initially, the target
location is unknown to robot, which starts as a follower.

At this stage, the ML classifier is not active, and only the human force, Fn, is fed to
the admittance controller to generate the reference velocity Vrer for the robot’s motion
controller, which in turn, transmits torques to robot joints to move the object with velocity
7. Once the target location is estimated by the robot based on the direction of human
force, a trajectory is generated for the robot using the APF and the robot is pulled to the
estimated target location with an attractive force F,;r (we assume no obstacles in the
environment, hence the repulsive force is always set to zero in this study). Here, the force
applied by human partner Fy is added to F,;r and the total force F; is sent to the
admittance controller. At this stage, ML classifier is active and utilizes the haptic-related
features computed using the wrenches applied by human and robot (W, and W) on the
object, to predict the interaction pattern. If WH is detected, the robot contributes to the

task proactively. On the other hand, if CD or CP is detected, the robot switches its role to

a follower.
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Figure 3.3: The control architecture utilized in our pHRI approach to regulate the

harmonious and conflicting interactions between human and robot.
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Role switching: Figure 3.3 includes logical commands to activate central input lines
to turn on the data flow for blocks A, B, and C. The two-way switch S turns on block A
while deactivating block C (i.e., robot is a follower), which is the starting phase of the
motion in our approach. Similarly, if target location is determined, block B is activated,;
hence machine learning is involved. Consequently, switch S, which works based on the
classifier decision, activates block C whenever WH pattern is detected. On the other hand,
if the ML classifier observes one of the conflicting patterns (CD or CP), block C is
deactivated by switch S, and the robot is a follower again.

Admittance Controller: The transfer function model of the admittance controller

utilized in this study is similar to that in [31]:

Vrer(S) Ky

V() = Fr(s)  1us+1

(3.1)

where, K, and 74 are the admittance gain and time constant, respectively, Vzgr(s) and
Fr(s) are respectively the Laplace transformations of the reference velocity and the total

force.

3.1.3 Trajectory Generation

We utilize an APF (artificial potential field) to generate a trajectory for the robot, to be
used when it proactively cooperates with the human partner. In APF, the total potential
field U(Q) is made of an attractive, Usrr(Q), and a repulsive, Uggp (Q), field [51]. In our
scenario, there are no physical obstacles in the environment, hence we ignore the
repulsive field. However, even if there were obstacles, the proposed paradigm would have
worked without needing any modifications: The human could perceive the environment
and direct the motion to avoid obstacles, while the robot reacts to detected conflicts.

The total force, which defines the robot’s contribution to the task, is calculated as the
negative gradient of the total potential field, Fyrr = —VU(Q) = —VU,7r. This attractive
force is set at its maximum value when the robot is fully proactive, and gradually reduces

to zero as it reaches the target.
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To implement the APF, the position of the target Qr4zrcer Should be known by the
robot. However, estimating the intended target location at the very beginning of the
movement, which is only known by human, is not trivial.

In our approach, initially, robot has no prior information about the target location;
hence it starts the task as a follower while human guides it toward the target by applying
forces to the manipulated object. Once the direction of the human force vector settles
toward a specific direction, robot utilizes this direction to estimate the target location by
intersecting the vector of human force with a virtual circular task boundary within the
robot workspace, centered around the robot base frame. To decide that the human’s forces
settle on a direction, we first measure the angle (6) between the human force vector and
the x-axis of robot. Then, we select a sliding buffer of size n for the measured data and
compute the mean of the absolute differences between the angles in this buffer and their
average. When this mean value is less than a threshold wvalue (i.e.,
O 16; — B4pp|/n) < O7yr), We consider that the human force vector settled in the
desired direction without considerable deviation. Note that when human changes the
target location by altering the movement direction during the manipulation while robot is
still active and moves toward the initial target, conflict in target direction (i.e., CD)
emerges. Once robot detects this conflict, it leaves its own trajectory and follows the
human passively until it can estimate the new target location and generate a new
trajectory.

To avoid high attractive forces far from the target, we utilize a hybrid APF that uses
quadratic potentials near the target and a conic formula when farther away as illustrated
in Figure 3.4 [51]:

—$(Q — Qrarcer) if prarcer(Q) < d,
_ (Q — Qrarger) ¢, _
Fgrr = di§ prarcer(Q) it L =ds > prarcer(Q) > d; (3.2)

—d; ¢ (%;RQGZ"}EGQE)T) m if prareer(Q) 21— d
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Figure 3.4: The parameters used for implementing the attractive potential field.

where £ is a positive constant scaling factor, Q and Q;4rcer are respectively the current
and target position vectors of the object with respect to the robot base frame, d; is a
positive constant to define a catchment area around the target for switching between
quadratic and conic formulas, and pr4reer(Q) is the Euclidean distance to target
1Q — Qrarcerll-

To prevent the attractive force from being set to its maximum value, Fypr = d; &, at
the beginning of the task, which would cause a jerky motion, we introduced three new
variables as shown in Figure 3.4: [ = ||Qsrarr — Qrarcer|l 1S the Euclidian distance

between the object’s starting position vector, Q¢r4rr and the estimated target, d, is a

distance threshold around Qg agr, and m = ((ds — psrarr(Q))/1) + (psrarr(Q))/ds

iS a Scaling Constant, Where pSTART(Q) = ”Q - QSTART”'
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3.2  Experiments

In order to train and validate our ML classifier, we designed and implemented two sets of
pHRI experiments:

1) Training Experiments: These experiments were designed to train and test the
ML time-series classifier, relying on haptic features for distinguishing between the
human-robot interaction behaviors.

2) Validation Experiments: These experiments were designed to investigate the
potential benefits of the proposed ML approach in comparison to two other approaches.

All experiments utilized the same setup shown in Figure 3.1. The object
manipulations mainly involved translation and performed in the xy plane. The
experimental study was approved by the Ethical Committee for Human Participants of
Koc University. The values of the parameters used in the implementation were selected
as; K, = 0.0167,74 = 0.054,n=30,d, =8cm,d;, = 4cm, & =125,and O,y =
0.08 rad.

3.2.1 Training Experiments

3.2.1.1 Training Scenarios

The objective in designing the training scenarios was to collect haptic data to train a
classifier model that can effectively distinguish between different interaction patterns
(WH, CD, CP).

To this end, 16 different manipulation scenarios, listed in Table 3.1, were introduced
by covering as many different combinations of interaction behaviors as possible without
being too exhaustive. In these training scenarios (TS), human and robot collaborate to
move the object from the starting location to one of the target locations shown in Figure
3.5 (A, B, C, D, E, F). In designing these scenarios, we intentionally created harmonious
and conflicting patterns by assigning a specific target location for the robot and hence a
trajectory to follow, regardless of the human partner’s target location. As a result,
harmonious/conflicting interaction patterns resulted from the agreement/disagreement

between the partners.
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To put things into context, consider training scenario 8 in Table 3.1, where both the
human and the robot have the same target direction but different locations; therefore, they
are expected to work in harmony (WH) initially to move the object toward that direction.
However, as the human’s scenario requires him/her to park the object (at target F in Figure
3.5) before the robot’s target (target E in Figure 3.5), they face a conflict in parking
location, CP.

Figure 3.5: Scenarios used in training experiments.

3.2.1.2 Participants and Protocol

The training experiments were performed with 8 subjects (2 females and 6 males with an
average age of 26.25 + 4.2 SD). Prior to the experiment, subjects were instructed about
the experimental procedure. They were not aware of the robot’s target and explicitly
instructed to move the object toward their own targets regardless of robot’s behavior.
Subjects performed the task by following the text instructions and visual images displayed

on a computer screen, and the software sounds played during the experiment. To
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familiarize themselves with the setup, all subjects performed one manipulation trial
involving harmonious collaboration (WH) with the robot. Thereafter, each subject
performed the scenarios listed in Table 3.1 in four separate sessions with 5 minutes break
between the sessions. Each subject performed 32 trials, where each scenario repeated
twice. The order of the scenarios was randomized in each session, while the order for all

subjects was the same.

Table 3.1: Training scenarios and the expected interaction behaviors

Human target
Training scenario (TS) | Robot target Expected behavior
Initial Final

TS1 B B B WH
TS2 E E E WH
TS3 B E E CD
TS4 E B B CD
TS5 B A A WH, CP
TS6 B C C WH, CP
TS7 E D D WH, CP
TS8 E F F WH, CP
TS9 B B F WH, CD
TS10 E E B WH, CD
TS11 E B D CD, WH, CP
TS12 E B F CD, WH, CP
TS13 B E A CD, WH, CP
TS14 B E C CD, WH, CP
TS15 E B E CD, WH
TS16 B E B CD, WH
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Subjects started the experiment by grasping the object from their handle while facing
the robot handling the object from the other side by its end effector. To provide visual
feedback to the subjects, initial and target locations were displayed on the computer
screen as static 2D rectangles in white color while the current location of the manipulated
object was displayed as a moving 2D rectangle in pink. A message was displayed on the
screen along with a distinct software sound to notify subjects to start the task. During the
task, if the scenario involved a change in target location, the new target location was
updated immediately on the screen to notify the subject. When the subject reached the
target, the color of the rectangle at the target changed to green to notify the subject, and
after staying at the target for 2 seconds, a message appeared on the screen along with a
distinct beep to inform the subject about successfully parking the object.

3.2.1.3 Haptic Features and Classifier Design

The raw haptic data (i.e., wrenches applied by human and robot) collected during the
training experiments are annotated and segmented based on the expected behaviors listed
in Table 3.1 by following the procedure employed in Chapter 2. As demonstrated in this
work, the features extracted from the haptic data alone are sufficient to distinguish
between different interaction patterns. We utilize the haptic features, originally suggested
by Noohi and Zefran [16] and extended in Chapter 2, see our earlier publication Al-Saadi
et al. [52], to train our random forest ML classifier. We briefly mention them here for the

sake of discussion, but the details are available in Section 2.3.

Consider Figure 3.6, where Fy, Fr , and Fgy,, are the forces applied on an object by

the human and the robot, and the summation of these forces, respectively. That is:
Foyu(t) = Fy(t) + Fr(t) (3.3)

The effective forces of human F}; and robot Fz that contribute to the task are

calculated as the projection of partners’ forces on Fgyp,:
Fp(t) = a Fsyu (1) (3.4)

Fr(t) = B Fsyu(t) (3.5)
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Figure 3.6: Force decomposition. Fy, Fg, Fgyy are human applied force, robot

4

NORMAL

applied force, and their summation, respectively. F;, F; are the human and
robot effective forces, respectively. Fyormar are the normal force that is

perpendicular to Fgyy,.

where t is the time step and a + 8 = 1. The forces that are perpendicular to Fgyy, (i.€.,

Fyormar 1N Figure 3.6) do not contribute to the task and are canceled out.

Based on this force decomposition, five force-related features were introduced:
individual force efficiencies M, , team force efficiency Mz, negotiation force
efficiency M¥ ., and similarity of forces M. In addition, five additional torque-related
features were introduced [52]: individual torque efficiencies Mg, , team torque
efficiency M7, negotiation torque efficiency My, and similarity of torques M¢. Note
that the subscript K in MEK and Mg, refers to either human (H) or robot (R), while the
superscripts F and 7 refer to force and torque-related features, respectively.

In Chapter 2, we showed that analyzing the task in different movement planes

resulted in more informative features than analyzing it in 6-DoF space. For that, we

performed the force/torque decomposition in the three principal movement planes, xy, xz,
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and yz. This resulted with 30 wrench-related features (10 wrench-related features x 3
planes) that are used as inputs into our classifier. We utilized a random forest algorithm
to train our time-series classifier model to discriminate between the interaction patterns.
Random forest is a supervised learning algorithm used for both regression and
classification. In classification, it constructs a multitude of decision trees and outputs the
class selected by most of them. Python Scikit-Learn package was utilized for the
implementation of the algorithm [50]. The number of trees in the random forest was set

to 100 while the maximum depth of the trees was unconstrained.

We split the dataset into two distinct sets: training and test. To train the classification
model, we used the data coming from 24 trials of each subject and used the remaining 8
trials for testing. Since there were 8 subjects, the total number of trials for training and
testing were 192 (75%) and 64 (25%), respectively. We achieved a classification accuracy
of 88.82% and a BER of 0.11 after cross-validation. Figure 3.7 shows the confusion

matrix.
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Figure 3.7: Confusion matrix for classifier trained with haptic feature set. WH,
CD, and CP are working in harmony, conflict in target direction location, and

conflict in parking location.
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3.2.2 Validation Experiments

To evaluate the performance of our proposed approach, we implemented another set of
experiments utilizing the same setup and scenarios. Recalling the co-manipulation
example discussed in the introduction section, where the robot acts either as a follower
or interacts proactively with human, we considered 3 experimental conditions (C1, C2,
and C3). The first condition, C1, implements a simple leader-follower model where the
robot is passive and always follows the human. In C2, the robot has a fixed target location
and follows a trajectory based on the APF, regardless of the agreement/disagreement
with human partner. In C2, the robot assists the human partner (i.e., contributes to the
task) if they have the same target. Nevertheless, when they are given different target
locations, they display conflicting behaviors, which cannot be resolved. Finally, C3
utilizes our approach of integrating the APF with the ML classifier for conflict
resolution.

Three different experimental scenarios (ES1, ES2, and ES3) were considered for
the validation experiments (Figure 3.8). In ES1, human and robot work in harmony (WH)
to transport the object to a target position (point B), while in ES2, the target location
changes suddenly from location B to location E, causing a conflict in movement direction
(CD). Finally, in ES3, the target location suddenly changes from location B to location
C, causing a conflict in parking location (CP).

Six subjects, with an average age of 25.5 + 4.4 SD, participated in this experiment.
Each experimental condition (C1, C2, and C3) was repeated twice for each experimental
scenario (ES1, ES2, and ES3). Hence, the total number of trials performed by each
subject was 18, which were completed in two sessions with 5 minutes break between the
sessions. The order of the experimental conditions and scenarios was randomized in each

session while the same order was displayed to each participant.
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Figure 3.8: Experimental scenarios (ES) used in validation experiments.

3.2.2.1 Results and Discussions
3.2.2.1.1 Force Profiles and Classifier Performance

Figure 3.9 represents the force profiles of a representative dyad (a human and a robot) for
ES1, ES2, and ES3 under C3 (our approach) in tandem with the decisions taken by the
classifier. We concentrated on the forces applied in the xy plane, which is the plane of
most movements in our experiment.

In all plots, subscripts H and R stand for human and robot, respectively. The blue
and red lines in Figure 3.9a represent the forces applied by human and robot, respectively
(please note that all forces were presented with respect to the manipulated object frame),
while Figure 3.9b depicts the raw predictions RP (green vertical lines) and processed
predictions PP (orange line) of the ML classifier. As shown in Figure 3.9b, the classifier
successfully predicted the interaction behaviors in all experimental scenarios. Moreover,
the classifier was able to predict the conflicting behaviors (i.e., CD in ES2 and CP in
ES3), which occurred for short periods of time only, and instructed the controller to
resolve the conflicts by switching the robot to a follower state. Prior to sending the
classifier decision to the controller, a voting buffer was implemented:

Voting buffer. This buffer uses raw predictions within a window of 20 samples, with
an overlap of 10 samples between each buffer, and outputs the most frequent prediction
in the buffer. The behavior predictions are processed every 10 samples. Using this buffer
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eliminates instantaneous misclassifications due to the sudden and unintentional
movements. For instance, in Figure 9b, some patterns were misclassified initially (i.e., a
CP in ES2 and some CDs in ES1), but these were filtered out by the voting buffer.By
inspecting the interaction behaviors in Figure 3.9, we observed that they produced highly
complex force profiles though the object manipulations were translational (no rotations)
and mainly performed in the xy plane. For example, the yellow-colored shaded areas in
Figure 3.9 correspond to WH behavior, in which the partners harmoniously translated the
object toward the target. One anticipates that partners perform the manipulation by
exerting forces in the same direction of the movement during this type of interaction.
However, when the force profiles in Figure 3.9a are inspected carefully, one observes that
only human partner applies forces in the direction of the movement while the forces
applied by robot are in the opposite direction. The reason for this mismatch is due to the
delay in the reaction times of the partners to each other’s actions as also observed in
human dyads [52].

The grey-colored shaded area in Figure 3.9 corresponds to CD behavior, in which
the partners disagreed on the target direction. This behavior occurred in ES2 scenario: a
new target location (location E in Figure 3.8) was suddenly displayed to the subject, and
he/she started to apply forces in the negative y-axis to move the object toward the new
target. As the robot was still actively moving toward the original target location (location
B in Figure 3.8), it resisted human movement, which resulted in the opposing forces
applied by the partners along the y-axis. By inspecting the force patterns during this
behavior, we observed that they changed in both x and y directions, although the new
target position deviated from the initial one along the y-direction only.

Finally, in CP behavior (the pink-colored shaded area in Figure 3.9), the subject
and the robot were given the same target location of B as shown in ES3 in Figure 9, but
the subject was instructed later to park the object suddenly at location C prior to
reaching the original target location at B. Subject applied forces in opposite direction to
the movement (along x-axis) to park the object at location C, as clearly shown in Figure
3.9a for ES3 (see the change in the direction of forces in the pink shaded region).
However, since the robot was moving the object toward B, it applied forces opposite to

the direction of forces applied by the subject.



Chapter 3: Resolving Conflicts During Human-Robot Co-Manipulation 58

18 ES1 18 ES2 18 ES3

12 12 J’N\ 12

6 /vu W““'M"’"\\W 6 VI’,J ki \vn 6 —_phmr—at \ — Fuy
— — h \ — — F

(@) 2 O0pmiriorenoiioss Z 0= /;_;,, “MW 20 y P

R S "6 V’”‘j‘\“w‘ "6 I Fr,
12 12 iy 12

18 18 M 18

0 2 4 6 8 0 2 4 6 8 0 2 4 6

3 3 3
g g e g chil,
= WH 3 JWH < WH 3 « WH |
£ 2 S 2 = & < 2= 4
g 2 3 —

6 T
o o S
£ 1 3 1 = 1
a a a
None None None
2 4 6 8 0 2 4 6 8 0 2 4 6
Time (s) Time (s) Time (s)

Figure 3.9: (a) Forces profiles of a human subject (blue) and robot (red), and (b) the
raw predictions (RP) by ML and the processed predictions (PP) after filtering for the
experimental scenarios ES1, ES2, and ES3 under our proposed approach (C3).
Subscripts H and R stand for human, robot, respectively. The predicted values 1, 2,
and 3 stand for WH, CD, and CP interaction behaviors, respectively, while “None”

stands for the periods where ML is inactive, and the robot is follower.

The observations above reveal the complexity of the force signals though the task
was implemented in 2D. This infers that generating rules based on force signals to
distinguish between these behaviors is not straightforward, especially when the task is
conducted in 6D. Hence, the ML approach proposed in this paper has more generalization
potential to identify similar behaviors.

3.2.2.1.1 Task Performance Under C1, C2, and C3

We used the following metrics [31, 53] to evaluate the task performance of the subjects:
the average velocity of the object (VAVE = 1/(tr — t) ftt_flv(t)l dt), average force

applied by subject (F;VE

=1/(tr —t;) ftileH(t)l dt), average power consumed by the
human (PAVE = 1/(t; — t;) fttileH(t).V(t)l dt ), and the task completion time (TCT).

Here, t; and t; are the timestamps when the object velocity just exceeded 2% of the
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maximal velocity (denoting the start of the trial) and the ending time of the trial,

respectively. TCT was computed as tf — t;.
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Figure 3.10: Mean values of the performance metrics for three experimental scenarios
ES1, ES2, and ES3 under three different experimental conditions C1, C2, and C3.
Error bars are the standard deviations of means and horizontal bracket with * on top

indicates statistically significance pairwise comparisons with p = 0.05.

Figure 3.10 presents the means and standard errors of means of the performance
metrics of the subjects under each experimental condition (C1, C2, and C3) for each
scenario. We performed a one-way ANOVA with Tukey corrected post-hoc tests to
examine the effects of the experimental conditions on the performance metrics.

Figure 3.10a (3.10b) shows that VAVE (TCT) under C2 and C3 were significantly
higher (lower) than that of C1 in both ES2 and ES3. Although VAVE (TCT) under C2 and
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C3 were higher (lower) than that of C1 in ESL, the difference was not statistically
significant. In addition, the differences in VAVE and TCT between C2 and C3 were not
significant in any experimental scenario.

In Figure 3.10c, we observe that the average forces applied by subjects F4VE under
C3 (our proposed approach) were significantly lower than those of C1 and C2 in both
ES2 and ES3, and lower than that of C1 in ES1. In addition, F4VE under C2 was lower
than those of C1 and C3 in ES1. This shows that the ML classifier in our proposed
approach (C3) successfully resolved the conflicts between human and robot, and hence
reduced the forces exerted by human to change the direction of movement or parking
location. Additionally, F;VE under C2 was higher than those of C1 in both ES2 and ES3.
Although the APF utilized in C2 reduced the task completion time compared to C1, it
caused the subjects to exert more force during the conflicting scenarios in ES2 and ES3.

Figure 3.10d shows that subjects spent less effort PAVE under C2 and C3 compared
to that under C1 due to the benefit of utilizing APF, especially in ES1. Moreover, when
the conflict was stronger, as in ES2, C3 led to less effort than that of C2, thanks to our
ML model in resolving the conflict. The results on PAVE showed that the conflicts in
parking (ES3) were more easily (with less effort) resolved than the conflicts in changing
direction (ES2).

In summary, our proposed approach C3 resolved the conflicts between the partners
effectively, allowing subjects to exert less force than those under C1 and C2. However,
in ES1, where no conflict happened, we can see that F4VE under C3 was higher than that
of C2. This is because the robot in C2 was active through the whole task, while in C3,
human needs to apply forces to guide the robot as it starts the task as a follower. Although
subjects applied less force under C3, they translated the object with higher velocities and
lower TCT (particularly compared to those under C1). The results of the experiments
show that our approach (C3) reduces the average force applied by subjects by 42.65%
and 30.6% compared to those under C1 and C2, respectively. Moreover, the average
power spent by the subjects under C3 was reduced by 46.27% and 4.94% compared to
those of C1 and C2, respectively.
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Chapter 4:

CONCLUSION

In the first part of this dissertation, we tested our hypothesis that haptics-related
features would be sufficient to distinguish between interactive behavior patterns. This
behavior information will be useful when programming a robot partner that reads
interaction states and reactively acts in response to the predicted behaviors, which is the
ultimate goal of this research.

We designed and conducted a pHHI experiment with 12 subjects and investigated
conflict-driven interaction behaviors under six task scenarios. We proposed a wrench-
based feature set, inspired by the work of Noohi and Zefran [16], to classify the interaction
behaviors. Using a random forest classifier, we verified that haptic information, i.e.,
wrenches, was sufficient to differentiate between the interaction patterns. This contrasts
with earlier work [25], [26], which suggested that kinematic information is needed to
improve classification rates in distinguishing between interaction patterns in dyadic co-
manipulation. In this work, we have demonstrated that using carefully devised haptic-
related metrics derived from raw data eliminates the dependency on kinematics. This
result is very important in designing future studies as it removes the necessity for tracking
object motion when trying to understand the interaction states.

Another contribution of this work is our task analysis in different movement planes.
By decomposing the motion in the object frame, we could eliminate the dominant forces
for lifting motion, which would otherwise be interfering with the classification results.
The proposed force decomposition method allowed more informative features to be
extracted from raw data.

This study focuses on designing interaction-specific haptic features to identify
conflict-related behaviors during a continuous physical human-human collaborative task.
Our results provide important insight into the amount of information that is carried over
haptics in physical co-manipulation. Although this work only presents an evaluation of

pHHI behaviors, its outcomes were utilized to design proactive collaborative robots,
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which are aware of the interaction states during the tasks, as we introduced in the second
part of this dissertation.

In this experiment, we constrained the subjects to a single scenario and asked them
to concede to the experimenter’s motion if they feel a conflict. This was done to avoid
implicit role allocations between partners, and ease the data annotation process in our
experiment. However, role definitions are key in human interactions and were
demonstrated to be effective mechanisms to improve collaboration in earlier work [7],
[33], [34]. In future work, we plan to explore online interaction behavior classification as
a way to investigate how conflicts arise and are resolved if subjects are also allowed to
take on leadership roles.

In the second part of this dissertation, we proposed an approach that allows the robot
to proactively interact with a human partner based on the time-series classification of the
interaction behaviors that arise while executing a continuous pHRI collaborative task.
During these interactions, conflicts may naturally arise if the partners have different
movement intentions. To resolve these conflicts, we argue that it is important to study the
dyadic interaction behaviors rather than the individual behavior of human partner.
Moreover, we show that the features derived from haptic data alone are sufficient to detect
these conflicts. These features were used to train a random forest classifier that
differentiates between the interaction patterns.

To demonstrate our approach, we designed a pHRI experiment where both human
and robot collaborated to manipulate an object. Experimental scenarios that involve
partners work in harmony and conflict with each other in movement direction and parking
location were designed to test the efficacy of the proposed approach. The results showed
that our ML classifier successfully recognized the interaction behaviors that emerged
during those scenarios and instructed the robot to take proper action accordingly. Hence,
the robot was able to adapt its behavior to act as a follower when there was a conflict or
contribute to the task proactively when the dyad was working in harmony. As a result, the
conflicts between human and robot during the manipulation were accommodated
effectively and the subjects performed the task with lower effort.

Our current experimental scenarios involved translational manipulations of an object
in 2D space. As a future work, we aim to extend our approach to more complex scenarios

involving object manipulations in 6D space. In particular, we would like to show that a
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rule-based approach (e.g., defining some rules based on force magnitudes/thresholds)
cannot successfully detect conflicts in such complex manipulation scenarios, or the same
rules cannot be applied easily to other manipulation scenarios involving different sub-
tasks or objects having different shape, weights or material properties (e.g., elastic
objects). Additionally, we would like to design a questionnaire, similar to that done in
[54], to measure the perceptions of human subjects participating in our experiments about
their sense of interaction with the robot under different experimental conditions and
scenarios. We are interested in quantifying the degree of conflict that they subjectively
feel in the presence of a proactive robot and how much of our approaches help humans to

resolve such conflicts.
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