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ABSTRACT

Humans often physically interact with each other to provide assistance or to help each other.
Examples include helping someone get up after a fall, a physical therapist performing gait or stretch
therapy. Conventional human-human interaction (HHI) in these examples is constrained to a fixed
interaction medium and requires humans to be in the same location. On the other hand, using
robots to mediate physical human-human interaction, i.e., physical Human-Robot-Human Inter-
action (pHRHI), can allow customizing the physical interaction between individuals and would
enable remote embodiment of such interactions. Each individual can physically interact with their
own robot, and robots can be programmed to render a desired interaction between multiple humans.

While a significant body of literature demonstrates improvements in motor control and moti-
vation with HRHI on upper limbs, no studies have physically coupled lower limbs through robots.
Additionally, the safety aspects of pHRHI have not been adequately considered in the literature.
Finally, despite its potential benefits, pHRHI has not been tested on impaired individuals with pro-
fessional therapists in rehabilitation settings. To address these deficiencies, I present and evaluate
methods for developing safe pHRHI with a focus on lower-limb gait rehabilitation.

This dissertation addresses four main problems. First, it examines interaction force control of a
floating-base lower-limb exoskeleton. Second, the developed interaction force controller is used to
render virtual interaction mediums between two lower-limb exoskeletons. Third, the implementa-
tion of safety constraints with different priorities during physical human-robot-human interaction
is explored. Finally, building upon these developments and findings, I present and evaluate a novel
immersive gait therapy in which post-stroke patients are virtually connected to a professional phys-

ical therapist for a gait rehabilitation session.
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CHAPTER 1
INTRODUCTION

Humans often physically interact with each other to provide assistance or to help each other. Ex-
amples include helping someone get up after a fall, a physical therapist performing gait or stretch
therapy, or a sports coach teaching a new movement. Additionally, humans interact through inani-
mate objects for tasks that are dif cult to perform individually, such as multiple people carrying a
large piece of furniture.

Conventional human-human interaction (HHI) in these examples is constrained to a xed in-
teraction medium and requires humans to be in the same location. On the other hand, using robots
to mediate physical human-human interaction, i.e., physical Human-Robot-Human Interaction
(pHRHI), can allow customizing the physical interaction between individuals and would enable
remote embodiment of such interactions. Each individual can physically interact with their own
robot, and robots can be programmed to render a desired interaction between multiple humans.

pHRHI could be particularly bene cial for physical rehabilitation where custom interaction
mediums could be implemented between the therapist and patient depending on the patient's needs.
Physically assisting the elderly at a distance, conducting remote emergency medical services, or
physical telerehabilitation also becomes possible with pHRHI.

During conventional gait therapy, the physical therapist (PT) uses their upper limbs to interact
with the patient's legs, guiding them toward a correct trajectory. This task presents several mental
and physical challenges for the therapist and numerous inef ciencies. First, it is usually not pos-
sible to interact with both legs simultaneously. Second, the PT needs to apply signi cant force,

especially for patients with acute conditions. Third, when the therapist assists the patient with bal-
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ancing, it is typically dif cult to guide the leg simultaneously. Fourth, the interaction between the
therapist's upper limbs and the patient's lower limbs is not straightforward and requires a learning
curve.

Utilizing lower-limb exoskeletons for both the therapist and the patient could potentially allow
more ef cient gait therapy. Such an infrastructure would enable simultaneous interaction with both
legs, provide a customizable interaction medium that could amplify the therapist's forces, and be
modi ed based on the patient's needs. Moreover, it would harmonize the therapist's knowledge
and skills with the capabilities of the robots, creating a more effective therapeutic process.

However, implementing pHRHI raises signi cant safety concerns, especially when it involves
users with impairments. Safety in physical human-robot interaction can be divided into four cat-
egories: control, motion planning, prediction, and psychological considerations [1]. While the
therapist can ensure the last three items, it is crucial to implement lower-level control-based safety
features. Some examples of these are interaction force/power limit and position/velocity limits.
Depending on the patient's need, these safety features could have different priorities and should be
handled accordingly.

Additionally, coupling of robots requires the design of a virtual interaction medium between the
individuals based on the needs of the application. Such an interaction medium can be implemented
in joint space or task space. Moreover, it might be useful to have an unsymmetrical interaction
between the users. For example, interaction mediums that give more dominance to the therapist
could decrease the required effort by the therapist. The desired interaction for each robot can
be calculated by using the instantaneous states of both robots and the properties of the virtual
interaction medium.

To accurately render the virtual interaction medium, each robot must track these desired in-

teraction forces accurately. Ideally, humans should not feel inertia, weight, or any friction forces
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from the robot. Therefore, it is vital to compensate for these terms properly. Moreover, measuring
or estimating the interaction forces between humans and robots and using them in a closed-loop
manner could further improve the accuracy of the interaction force tracking.

In summary, the key steps to achieve pHRHI for physical therapy can be categorized into four:

|

. Developing accurate interaction force controllers for each robot (Chapter 3)

2. Designing and implementing virtual interaction medium between robots (Chapter 4)

w

. Enforcing safety constraints with potentially different priorities (Chapter 5)

D

. Designing and verifying a training protocol using pHRHI with patients and physical thera-

pists (Chapter 6)

The overall scheme of pHRHI is presented in Figure 1.1. These four main steps form the core
of this dissertation, in addition to the systematic review presented in Chapter 2. The outline of the

thesis is provided in the following subsection.

1.1 Thesis Outline

This thesis consists of ve main chapters. In Chapter 2, | present our review paper published in
theJournal of NeuroEngineering and Rehabilitatif#fj. In this paper, we systematically analyzed
studies investigating the effects of robot or sensor-mediated human-human interaction in the con-
text of motor control and rehabilitation, focusing on the effects of different interaction conditions
on task performance and motor learning.

Chapter 3 is based on our paper titled “Haptic Transparency and Interaction Force Control for
a Lower Limb Exoskeleton” [3], published in tHEEE Transactions on Roboti€3-R0O). This

paper presents a novel method calidible-exoskeleton closed-loop compensatWiCC). This
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Figure 1.1: Overall scheme of physical human-robot-human interaction. The vacisdpeesents

the state of the robot§, represents interaction force between human and robot and asterisk repre-
sents a desired value. While solid lines show actual forces, dashed lines represents communicated
variables.

method compensates for the whole-body dynamics of the exoskeleton throughout the entire gait
cycle and dynamically tracks desired interaction torques in a closed-loop manner. The presented
controller is validated on three healthy subjects for zero and non-zero desired interaction pro les.

In Chapter 4, | present our paper titled “Virtual Physical Coupling of Two Lower-Limb Ex-
oskeletons” [4], published in the 2023 IEEE International Conference on Rehabilitation Robotics
(ICORR). In this paper, we demonstrated the rst-ever virtual physical coupling of two lower-limb
exoskeletons and evaluated the performance on a pilot dyad.

Chapter 5 focuses on how to ensure safety conditions with different priorities in a pHRHI
setting. | designed a hierarchical optimization framework with higher-priority safety tasks and
lower-priority bilateral interaction and constraint communication tasks. The presented method
is validated by assessing the bilateral interaction, hierarchical constraint handling, and constraint

communication performances on a dual human-robot setup. This work was conducted at Honda
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Research Institute, San Jose, during my research internship in Winter 2023. The manuscript enti-
tled “Physical Human-Robot-Human Interaction with Hierarchical Safety Constraints” is currently
under review folEEE Access

In Chapter 6, | propose a novel immersive gait therapy method. In this framework, the ther-
apist's and the patient's opposite legs are coupled to each other while facing each other, and the
therapist can modify the interaction strength in real time. We compared this novel method with
conventional gait therapy without robots on three post-stroke participants. The manuscript of this
work is currently under preparation for a journal submission.

The notations are introduced for each chapter separately and are consistent within each chapter.
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CHAPTER 2
HUMAN-MACHINE-HUMAN INTERACTION IN MOTOR CONTROL AND
REHABILITATION

"If | have seen further, it is by standing on the shoulders of giants.”

Sir Isaac Newton

This chapter is adapted from the article “Human-machine-human interaction in motor control
and rehabilitation: A review” [2], published in the Journal of NeuroEngineering and Rehabilita-

tion, co-authored by Sangjoon J. Kim, Yue Wen, Kevin M. Lynch, aré&L]d2ons.

2.1 Introduction

2.1.1 Human-Human interaction

Humans often interact with each other while performing motor tasks, either to improve perfor-
mance by working as a group or to learn from each other. Some motor tasks, such as exercising
an injured joint, can be accomplished by a single person, but also allow two or more people (e.g.,
the therapist and the patient) to interact during performance of the task. Other motor tasks re-
quire multiple people to interact and cannot be performed by a single person (e.g., carrying a large
table). Human-human (HH) interaction in tasks such as these can take the form of audiovisual
communication and/or physical interaction.

In recent years, many studies have compared motor task performance under solo conditions
and under different types of interaction among groups of two or more [5]—-[9]. For tasks that can

be performed with one or more people, we refetask performance as the individual ability to
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accomplish a motor task during or without interaction. Similarly, for tasks that require multiple
people, task performance is the ability to perform the task as a group.

There has been an increasing interest also for the effects of HH interaction on individual motor
learning [6], [10]-[12] for motor tasks. In this article, we referinalividual motor learning as
the solo task performance difference before and after a training period. This training phase can be
performed individually or by interacting with someone else. In this review, we are interested in the
learning of only individuals but not groups. Therefore, we do not analyze motor learning for tasks
that require multiple people.

Studies that have demonstrated better outcomes of HH interaction than solo performance or
training often attributed these positive effects to (1) increased motivation and interest [7], [13],
[14]; (2) the ability to estimate partner's motion, [15], [16]; and (3) the summing of physical effort,
or the ability of partners to communicate and adopt specialized roles in performing a physical
task [5], [17].

Even though important results have been obtained showing the potential bene ts of human-
human interaction, it is unclear how different kinds of interactions impact task performance and
individual motor learning. A better understanding of how humans interact with each other in
motor control tasks will have a signi cantimpact on rehabilitation robotics, industrial collaborative

robotics, and social robotics.

2.1.2 Robots as a medium for human-human interaction

Conventional human-human (HH) interaction often occurs through direct physical connection in
motor control and rehabilitation contexts. For example, in physical therapy, the therapist interacts
with patients by holding their limb to guide or assist them. In some cases, however, it is bene cial

to controllably customize the physical interface between the therapist and the patient [18]. One way
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to achieve this customized interface is to connect each human to a robot. The robots can then be
controlled to implement desired interaction dynamics between the humans [6], [19], and possibly
to display a virtual external environment [10], [20]. The simplest scenario involves two humans
interacting through two robots, but other interaction network topologies, with more humans in-
volved [16] (e.g., for group training), are possible. We call all such systems of robot-mediated
interacting humans “human-robot-robot-human” (HRRH) interaction, or “human-robot-human”
(HRH) for short.

In addition to physical interaction, HRH systems support non-physical interaction (e.g., audio-
visual interaction), which can lead to improved motivation and task performance [21]-[23]. For
example, an arm exoskeleton can measure the joint angles of the human arm and estimate the
hand's position. The individuals' state information can then be projected to a virtual environment
where both users see visual cues about themselves and their partners [24]. While these kinds of
virtual environments directly provide visual interaction between individuals, they can also indi-
rectly improve auditory interaction by providing more content to talk about with their partner [23],
[25].

It is also possible to use passive mechanical devices to transmit physical information between
humans, or sensors to collect information for transmission between humans [9], [13], [26]-[28].
These devices cannot be referred to as robots. To include both robot-mediated and passive-device-

mediated systems, we use the term human-machine-human (HMH) interaction.

2.1.3 De nitions

Throughout this review, we refer to the previously-de ned terms “task performance” and “indi-
vidual motor learning” to describe the goals of particular HMH interactions. It is also worth

distinguishing the two main forms of motor learning [29fiotor adaptation is the learner's
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incremental return to baseline performance in response to an environmental perturbation that
causes performance errdrg30], while skill learning is improving the performance beyond base-
line levels in the absence of environmental disturbances [31]. We also use the following terms to

categorize the different studies in HMH interaction:

Interaction type. Theinteraction type refers to physical interaction, non-physical interaction,

or a combination of physical and non-physical interaction. Non-physical interaction includes cases
where subjects can see the motion of their partner or partner's avatar (visual) or can hear their
partner (auditory). We also refer to tirgeraction characteristicshat characterize the particular
interaction type. For example, a physical interaction de ned by a virtual spring between two
humans is characterized by the stiffness of the spring. In this case, the stiffness is the interaction
characteristic, which in uences task performance in multi-human interaction [6], [19], [20], [32],

[33].

Interaction mode. Figure 2.1 illustrates the following de nitions afteraction modeswhich

have been adapted from Sawers et al. [34] and Jarrasse et al. [35]:

Collaborative. Partners share the same task goal and work together to achieve it. Their roles

are not assigned a priori.

Cooperative. Partners share the same task goal but are assigned to different roles (e.g.,

teacher and student).

Co-active. The task is divisible, and each human works independently, but they still interact.

Competitive. Each human tries to achieve their own goal, which is in con ict with the

other(s) achieving theirs.
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The choice of interaction mode has a signi cant impact on task performance and engagement [7],
[9], [36], [37]. Itis worth noting that the ternmteraction behavior is also used in the literature in

place of interaction mode [34], [35].

Partner characteristics. The relative skill levels of interacting partners, the relationship between

the partners (e.g., strangers, friends), and the partner's personality (e.g., extroversion, agreeable-
ness) are referred to g&rtner characteristics, which have been shown to be important factors

in uencing task performance and individual motor learning [6], [7], [10]-[12], [16], [26], [32],

[37].

Interaction condition.  The terminteraction condition for a particular task refers to one or more

of the interaction type, interaction mode, and partner characteristics.

2.1.4 Contribution of this review

Baur et al. [38] conducted a systematic review to analyze whether multiplayer games improve ex-
perience and performance in robot-assisted and virtual reality-assisted rehabilitation. They mainly
focused on studies with non-physical interaction and compared the methods and results of papers
with different game modes. Sawers et al. [34] performed a comprehensive review with a focus
on the physical interaction between humans with consideration to the perspective on rehabilitation
robotics. Moreover, they provided detailed taxonomies of human-human sensorimotor interaction.
Due to the complex nature of human-human interaction, the effects of interaction conditions
on task performance and individual motor learning are not well understood. Also, considering the
large amount of recent work, we believe a broader and more up-to-date review with a focus on the
effects of different interaction conditions is needed. In this review, we provide a comprehensive

analysis of experimental designs and results by covering the interaction conditions de ned above.
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Figure 2.1: Examples of different interaction modes

We address the following research question: How does human interaction in HH and HMH systems
in uence task performance and individual motor learning? We conducted a systematic literature
search focused on studies that investigate the effects of interaction conditions on coordinated work
between humans mediated by machines. The different experimental methods and performance
metrics of these studies were identi ed.

The core of this paper analyzes the results of the selected studies according to the main factors
in uencing the HMH interaction: interaction type, interaction mode, and partner characteristics.
While we highlight consistent results in these references, we also examine con icting outcomes
between different studies. This review also identi es gaps in the literature and indicates directions

for future research.

2.1.5 Outline

We rst present the details of our search criteria and statistics of the study selection process under

the Methods section. Then we provide a comprehensive analysis of the experimental design and

methods used only in the selected references. This section presents different experimental setups,
their implementation details, and metrics used in the selected studies. In the Results section, we

focus on the ndings of the selected studies related to the effects of the interaction conditions on

task performance and individual motor learning under three main categories: (1) interaction type
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and characteristics, (2) interaction mode, and (3) partner characteristics. In the Discussion, we
analyze the experimental designs and results of the selected papers with reference to papers that
were excluded from the core analysis. We also highlight con icting and consistent results in the

literature and suggest directions for future research.

2.2 Methods

A comprehensive review of the literature to synthesize the effects of HH and HMH interaction
in motor control and rehabilitation has been conducted. The review methodology is described in

following subsections.

2.2.1 Search criteria

An electronic search on Scopus, IEEE Xplore, and PubMed databases was conducted. The search
was limited to literature written in English. No restriction on the publication date was considered.
Both conference papers and journal articles were included. We nalized the search in April 2021.

The search query was designed such that the resulting studies have the following characteris-
tics: (1) they involve robotic or related devices, (2) they include tasks related to rehabilitation or
motor control, (3) they involve multiple subjects interacting with each other, and (4) they refer to
physical and/or non-physical interaction. Keywords used for each criterion are presented in Table
2.1. Exact search queries for each database can be seen in Additional le 1.

The search resulted in 863 papers: 614 papers from Scopus, 208 papers from IEEE Xplore, and
41 papers from PubMed.
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Table 2.1: Search criteria and simpli ed version of the phrases used in the systematic search

Criteria Search phrase

involves robotic or

related devices (exoskeleton OR robot)

AND AND
studies about rehabilitation (rehabilitation OR therapy OR
or motor control “motor (control OR learning)”)
AND AND
involves multi- (pairs OR dyads OR multiplayer
human interaction OR telerehabilitation)
AND AND

("(haptic OR physical
OR social) interaction” OR
motivation OR game)

refers to physical or
non-physical interaction

Figure 2.2: Flowchart of study selection (PRISMA diagram [39])
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2.2.2 Study selection

We ltered the studies using three main steps to eliminate papers that were not related to the focus
of this review. The methodology is presented in Figure 2.2 as a PRISMA diagram [39].

First, duplicate records from different databases, review papers, position papers, and confer-
ence papers presenting the same data with a journal article were Itered out. Second, papers were
excluded unless (1) they included simultaneous interaction between at least two people and (2)
the tasks were related to physical rehabilitation or motor control. For example, telerehabilitation
systems where the therapist can only monitor the status of the patient, studies where there is only
human-robot interaction, work related to social therapy, and studies with non-human subjects were
excluded. Third, only studies that investigated the effects of interaction type (e.g., physical in-
teraction vs. visual interaction), interaction mode (e.g., cooperative vs. competitive), or partner's
characteristics (e.g., novice vs. expert) in motor control or rehabilitation were included. Studies fo-
cusing on modeling human motion and interaction force, or on development of multi human-robot
systems and controller design, were excluded at this step. Even though one of our search criteria
includes keywords such as “robot” and “exoskeleton,” we did not Iter out studies that used only
sensory systems due to their relevance to human-robot systems.

Out of 863 papers, thirty-one papers were found to satisfy the inclusion criteria.

2.2.3 Data extraction

Data extraction and systematic synthesis were performed on the included studies. First, these
papers were categorized into three groups based on their primary research topic: (1) the effect of the
interaction type (i.e., physical, non-physical, combination) or characteristics (i.e., spring stiffness,
auditory, visual); (2) the effect of the interaction mode (i.e., cooperative, collaborative, co-active,

competitive); and (3) the effect of the partner's characteristics (e.g., novice, experienced, healthy,
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Figure 2.3: The focus of the research question in
selected studies

impaired). Categories of the selected studies are presented in Figure 2.3. Articles investigating
more than one of the three research topics above appear in each relevant group.

We analyzed each paper in detail by extracting the following information: experimental task,
measured variables, focus of the research question, interaction type and its characteristics, interac-

tion mode, partner characteristics and presented results.

2.3 Experimental design and methods

This section describes the experimental design and methods used in the selected studies. This was
done in terms of (1) the tasks chosen for coordinated HMH interaction, (2) the way interaction
forces were rendered between humans, and (3) the measurements used to assess the experimental

outcomes.
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2.3.1 Experimental tasks

The devices and experimental tasks used in the selected studies are shown in Figures 2.4 and 2.5.
A more detailed summary of the experimental tasks and devices used in each study are given in

Table 1 of Additional le 2.

2.3.1 Tracking tasks

Eleven studies investigated the effect of dyadic interaction in planar (2D) arm tracking tasks [6],
[8], [10]-[12], [16], [19], [21], [32], [40], [41]. These studies were based on moving a cursor to a
moving [6], [8], [11], [16], [19], [41] or a stationary [10], [21], [32] target, following a path with a
cursor [12], and maneuvering a virtual object on a con ned path while trying to prevent collision
with the environment [40]. Hand-held end-effector-type manipulators or haptic devices were used
as input devices for moving the cursors or virtual objects. The cursors or virtual masses controlled

by multiple users were virtually coupled.

2.3.1 Object manipulation

Seven studies focused on different kinds of object manipulation (e.g., stacking cubes, grasping
cylindrical objects, applying speci c forces to static tools moving pendulum) with hand-held end-
effector type manipulators, haptic devices, or sensorized objects [20], [23], [33], [42]-[45]. Among
them, ve studies used a virtual environment (VR) [20], [23], [33], [43], [44] while in the other two
studies subjects applied force on a robotic tool [42], or to a rigid pole [45] without any feedback
from a virtual environment. Two of these studies were built on speci c applications, including

performing a biopsy [44] and assessing spasticity of hypertonic arms [33].
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2.3.1 Rehabilitation games

Many studies are based on custom-developed rehabilitation games [7], [9], [13], [22], [26]-[28],
[36], [37], [46]-[49]. Arm rehabilitation systems [7], [13], [22], [26]-[28], [36], [46], [49], hand
rehabilitation systems [37], commercially-available exergaming input devices [9], [48], and touch-
screen tablets and conductive handles [47] were used as the input devices for the games. For
most of these studies, one participant used a haptic manipulator or rehabilitation system (generally
the impaired participant), while others used a commercially-available joystick or mouse. This
was to consider the practical deployment and application in real-life rehabilitation scenarios (e.g.,

telerehabilitation and patient training with a PT or a healthy partner).

2.3.2 Haptic rendering

There are mainly two types of physical interaction in HRH systems. The rst is obtained by ren-
dering passive elements such as a spring and a damper between subjects. The other is obtained by
mirroring the force or position between users. Eighteen of the selected studies implemented phys-
ical interaction between subjects. While most of them rendered virtual passive elements between
the users to investigate the effects of dyadic interaction, a real sensorized rigid object was used in
one study [45].

Haptic virtual elements were implemented in task space between the connection points of each
user with the robot [6], [8], [10]-[12], [16], [20], [21], [23], [32], [33], [40], [41], [43], [44] or
at the joint level between the joints of users [19]. While some studies used commercial products
and their built-in controllers [16], [21], [23], [32], [40], [43], [44], others used their own custom
robotic devices and controllers [6], [10]-[12], [19], [20], [33], [42].
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Figure 2.4: Devices used in the selected studies

2.3.3 Metrics

The metrics used to quantify task performance, individual motor learning, motivation, and exercise
intensity are listed in Table 1 of Additional le 2. This section brie y summarizes some of the

different metrics employed.

2.3.3 Task performance

Task performance metrics include task completion time [23], [43], [44], [50], success ratio [20],
[33], and number of unwanted collisions with the environment [40], [44]. In static target-reaching
tasks, completion time (i.e., the time spent to reach the target) was a typical metric [21], [32].
In tasks involving tracking a trajectory, the root-mean-squared or mean error between the actual

trajectory and the target trajectory was typically measured [6], [8], [11], [15], [16], [19], [21], [41].
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Studies that implemented rehabilitation games mostly used maximum achievable dif culty
level of the game [26], [27] or points collected during the game [37], [48] as a measure of the
task performance.

For tasks that allow one or more people, task performance difference between a speci c interac-
tion condition and solo mode was calculated as the difference between the individual performance
during interaction and the succeeding solo performance without any interaction [6], [41]. For tasks
that require multiple people, average dyadic performances of different interaction conditions were

compared [20], [21].

2.3.3 Individual motor learning

Individual motor learning is quanti ed by the difference between initial solo performance before
training and nal solo performance after training [6], [11], [12]. For example, participants get
baseline test scores (e.g., task completion time, tracking error) during solo performance; then they
practice under different dyadic interaction conditions; then they test again under solo conditions.
We do not analyze motor learning results on tasks that require multiple people, as team learning is

out of the scope of this review.

2.3.3 Motivation and exercise intensity

Increasing motivation, engagement, and exercise intensity are important intermediate goals in mo-
tor control and rehabilitation contexts and are helpful for achieving improved task performance
and individual motor learning. Both objective and subjective metrics are used to measure these
factors.

Subijective results can be derived from Intrinsic Motivation Inventory (IMI) questionnaires [9],

[13], [22], [23], [26], [28], [36] (measuring enjoyment/interest, effort/importance, perceived com-
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Figure 2.5: Experimental tasks used in the selected studies

petence, and pressure/tension) and other game experience questionnaires [36], [51]. Objective
measurements include exercise intensity quanti ed by the RMS or the mean absolute value of the

arm velocity [7], [13], [26], [28] and time spent on the game [7], [9].

2.4 Results

2.4.1 Effects of the interaction type and characteristics

We grouped the interaction types into three categories: (1) physical interaction, (2) non-physical
interaction, and (3) the combination of physical and non-physical interaction. Physical interaction

is usually obtained by rendering a spring/damper system between subjects via robotic devices [6],
[11], [20], [24], [32]. Non-physical interaction includes auditory or visual interaction [22], [23].

In some cases, both physical and non-physical interactions occur [21], [40], [42], [44]. Character-

istics of the interaction are related to the properties of the virtual rendered elements (e.g., spring

stiffness, damping ratio) in physical interaction and the communication channels (e.g., visual, au-
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ditory, audio-visual) in non-physical interaction.

Twelve studies showed the effects of different interaction types or interaction characteristics
[6], [19]-[23], [32], [33], [40]-[42], [44]. Five out of the twelve studies analyze the effects of
the interaction type [21], [23], [40], [42], [44], six study the characteristics of physical interaction
(i.e., properties of the haptic environment) [6], [19], [20], [32], [33], [41], and one studies the
characteristics of non-physical interaction (e.g., auditory vs audio-visual) [22]. Details of these

studies and the summary of their results can be found in Tables 2 and 3 of Additional le 2.

2.4.1 \Visuo-physical interaction results in better task performance than visual interaction alone

Chellali et al. [44] and Liu et al. [40] compared the cooperative task performance of dyads having
only visual interaction with dyads having both visual and physical interaction. While dyads in
the study of Liu et al. [40] worked on moving a virtual sphere inside a pipe, dyads in the study
of Chellali et al. [44] worked on a virtual biopsy task. These two tasks, performed with haptic
devices, are similar in the sense that both reward nishing the task as fast as possible with minimal
contact with the environment (pipe or organs). In Liu et al. [40], subjects control the position
of the virtual sphere along different axes while they are connected to the sphere with spring and
dampers; in Chellali et al. [44], one subject supervises his/her partner through the rigid haptic link
between them.

Both studies found that dyadic performance with visuo-physical interaction had less undesired
contact with the environment and achieved shorter completion time than the users with only visual
interaction. In addition to the better dyadic task performance, the subjective assessment showed

the preference of visuo-physical interaction over visual interaction [40].
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2.4.1 The characteristics of the physical interaction affect task performance and individual motor

learning

The effects of different interaction stiffnesses were investigated by ve studies [6], [19], [32], [33],
[41], and one study analyzed the effect of viscosity and damping ratio [20].

Ganesh et al. [6], Takagi et al. [19], Beckers et al. [41], and Che et al. [32] implemented
collaborative interaction where subjects try to move their own cursor to either a dynamic [6],
[19], [41] or a static [32] common target. Experimentation was done solo and with subjects’ end
effectors haptically connected via virtual springs. In all of these studies, the tracking performance
difference between the dyadic and solo trials with different interaction stiffnesses was analyzed to
see the effect on the task performance. Moreover, Beckers et al. [41] analyzed motor learning by
examining the individual task performance improvement after training with partners connected by
soft and hard springs.

Che et al. [32], Takagi et al. [19], and Beckers et al. [41] found that as the interaction stiffness
increases, dyadic task performance improvement (with respect to the solo trial) of the less skilled
partner increases. Ganesh et al. [6] reported that the largest task performance improvement oc-
curs when the spring has an intermediate value of stiffness, neither too small nor too large (The
stiffness values are given in Table 3 of Additional le 2.). All four studies reported that there
was no signi cant performance improvement for the better partner in any of the tested interactive
stiffnesses.

Piovesan et al. [33] analyzed the effect of interaction stiffness in a rehabilitation setting where
users try to assess the spasticity of simulated hypertonic arms while subjects are virtually con-
nected to them with virtual springs through a single interaction port. It was concluded that a soft
connection leads to signi cantly worse assessment performance, especially when the severity of

spasticity is mild.
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The effect of the viscosity and damping ratio on dyadic task performance was investigated by
Tanaka et al. on a “balance seesaw” task [20]. Participants operate two handles of a robotic device
to control the angle of a virtual bar to drop a virtual ball (that rolls on top of the bar) into a moving
box below. The virtual mass of the bar was virtually connected to ground through a damper, and
the participants' handles were connected to each side of the bar through a spring and damper. They
found that a high damping ratio of the connection to the bar and low viscosity of the handle results
in signi cantly worse task performance. The stiffness and damping values used in each study can

be found in Table 3 of Additional le 2.

2.4.1 Non-physical interaction affects the physical communication

Wang et al. [21] and Takagi et al. [42] investigated the effects of additional non-physical inter-
action in addition to physical interaction for reaching and force reproduction tasks, respectively.
In the study of Wang et al. [21], subjects tried to reach an invisible target while getting directives
from their supervisor—who could see the target—with only physical interaction or physical and
auditory interaction together. Physical interaction was implemented by mirroring the position of
the supervisor's haptic device to the other subject's haptic device. Similarly, in the study of Takagi
et al. [42], subjects tried to reproduce the force they felt from their partner either while looking
at each other (physical and visual interaction) or not looking at each other (physical interaction).
Both studies found that task performance with the additional non-physical interaction component
was signi cantly different from the performance with physical interaction alone. While additional
visual interaction caused the users to perform worse [42], additional auditory interaction was found

to improve performance [21].
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2.4.1 Increasing the number of non-physical interaction channels increases motivation

Johnson et al. [22] and Le et al. [23] compared the motivation and engagement of subjects for
varying numbers of non-physical interaction channels (e.g., no interaction, audio, audio-visual). In
the study of Johnson et al. [22], pairs played a competitive tic-tac-toe game with each other while
they were connected to an end-effector type robot in one of the three conditions: (1) no interaction
with the opponent, (2) subjects could hear each other, and (3) subjects could see and hear each
other. Similarly, the subjects in the study of Le et al. [23] collaboratively stacked virtual cubes
by using haptic devices while either having only visual feedback or visual and auditory feedback
from their partners. Both studies found that the subjects’ interest and motivation increased as the
number of non-physical communication channels increased. Moreover, Le et al. [23] reported that

when subjects were allowed to talk with each other, they completed their task faster.

2.4.2 Effects of interaction mode

As de ned earlier (see Figure 2.1), we consider the following interaction modes: collaborative,
cooperative, co-active, and competitive [34], [35].

Most studies investigated the effect of interaction modes on either (1) task performance and
individual motor learning or (2) game experience (i.e., motivation and engagement levels) during
non-physical interaction [7], [9], [13], [22], [26]—[28], [36], [46]-[49]. Among them, ve studies
focused on the effects of collaborative interaction [7], [13], [27], [47], [49], nine studies addressed
competitive interactions [7], [9], [22], [26]-[28], [36], [46], [47], three studies analyzed cooper-
ative interactions [9], [13], [48], and three studies implemented co-active interaction modes [7],
[36], [47]. In ve studies, interaction modes were directly compared to one another [7], [13], [27],
[36], [47] (e.g., competition vs. cooperation).

Nine studies were conducted to investigate the effect of a speci c interaction mode during
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physical interaction compared to solo performance [6], [10]-[12], [19], [21], [32], [42], [43].
Among the nine studies, eight of them analyzed the effect of collaborative interaction [6], [10]—
[12], [19], [21], [32], [42] and one study analyzed cooperative interaction [43]. Competition with
physical interaction was not considered by any of the analysed references. Details of these studies

and a summary of their results can be found in Table 1 and Table 4 of Additional le 2.

2.4.2 Interaction modes affect engagement and task performance

The majority of studies that have been reviewed reported that non-physical interaction improves
both task performance and gaming experience for rehabilitation games. Most studies showed that
game experience (e.g., motivation, enjoyment level, preference) was improved during non-physical
interaction compared to performing the task alone for games such as tic-tac-toe [22], balancing
virtual objects on a structure [37], air hockey [36], VR-based cooking [13], arm tracking [9] tasks,
and Pong game [7], [26], [28].

In addition to the game experience, improved exercise intensity was observed for the dyadic
modes in the studies of Gorsic et al. [7], [28], and Thielbar et al. [9]. Moreover, Mace et al. [37]
reported improved task performance for collaborative interaction compared to solo for less-skilled
subjects.

On the other hand, Gorsic et al. [49] found no differences between solo mode and collaborative
mode on the motivation and exercise intensity of sub-acute stroke survivors exercising with a
virtual environment. Mace et al. [37] presented decreased task performance for collaborative

interaction compared to solo for more skilled subjects.
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2.4.2 Speci c interaction modes are more effective than others in non-physical interaction

Only a small number of studies compare the effect of different interaction modes within the study.
Four studies directly compare interaction modes during non-physical interaction [7], [13], [36],
[47]. According to Novak et al. [36], for both healthy and post-stroke participants playing air
hockey, two distinct groups emerged: those who liked the competitive mode but did not care for the
co-active mode, and those who liked the co-active mode but did not enjoy the competitive mode.
Also, the group who preferred competitive mode put higher effort while playing competitive as
compared to playing in different modes.

Similar results were reported by Gorsic et al. [7] for a Pong game where almost half of the par-
ticipants preferred competitive mode over collaborative or co-active modes. Moreover, participants
who preferred the competitive game played that mode at a higher exercise intensity compared to
other modes, as was also reported by Novak et al. [36].

In another study, Pereira et al. [47] reported that in an object-catching VR game collabora-
tive mode promotes more social involvement, which was measured using the Game Experience
Questionnaire (GEQ), as compared to competitive and co-active modes. Similarly, subjects in the
study of Gorsic et al. [13] preferred collaboration without any de ned roles over cooperation with
assigned roles in a VR-based cooking game. All studies described in this section emphasize the
importance of selecting the preferred interaction mode to achieve high motivation and a positive

experience during non-physical interaction.

2.4.2 Collaborative physical interaction affects task performance and individual motor learning

Improved task performance or individual motor learning during physical interaction for collabora-
tive tasks was reported in several studies [6], [8], [11], [12], [19], [21], [45]. These studies were

conducted on tracking tasks such as moving a cursor to a dynamic [6], [8], [11], [19] or static
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[21] target, tracking prede ned trajectories [12], or moving a pole back and forth with a speci ed
amplitude [45].

Most studies showed that physical interaction was mutually bene cial; namely, both interacting
partners improve task performance during interaction where the task performance in solo trials was
compared to the task performance in paired trials. On the other hand, van der Wel et al. [45] found
no difference between the task performances of solo and dyadic subjects on a pole moving task.
However, it is worth noting that in the solo mode, the other partner was replaced by the other hand
of the subject (i.e., bi-manual operation).

Some studies found improved individual motor learning with collaborative haptic interaction
compared to training solo under visuo-motor rotation [6] or force eld [8]. However, different
levels of improvement in individual motor learning were reported depending on the skill level and
experience of the partner. More details of the partner characteristics are given in the following

section.

2.4.3 Effects of partner characteristics

Partner characteristics, including the skill level of the partner and the relationship between partners,
are also important factors that in uence dyadic interaction. Studies have investigated the effects
of different skill levels between interacting dyads in collaborative reaching tasks [10], [32] and
tracking tasks [6], [11], [12], [16], [41] with physical interaction, as well as the effects of the
partner relationship in collaborative or competitive rehabilitation games [7], [26], [37] with non-
physical interaction. Details of these studies and the summary of their results can be found in Table

5 of Additional le 2.
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2.4.3 Skill level of the partner affects individual motor learning

Beckers et al. [41], Mireles et al. [10], and Kager et al. [12] investigated the effects of part-
ner's initial skill level on individual motor learning for planar tracking, reaching, and trajectory
following tasks, respectively. All three studies implemented collaborative interaction with a vir-
tual spring between subjects' upper limbs by robotic manipulanda. While Beckers et al. [41] and
Kager et al. [12] implemented visuo-motor disturbances, Mireles et al. [10] implemented a force
eld that subjects need to adapt to. Beckers et al. [41] found that subjects who trained with more
skilled partners obtained better individual motor learning compared to subjects who trained with
less skilled partners. On the other hand, Mireles et al. [10], and Kager et al. [12] reported signif-
icant results and qualitative trends respectively, suggesting training with a partner with a similar

skill level resulted in better individual motor learning compared to training with an expert.

2.4.3 Interacting with a better partner improves task performance

Nine studies analyzed the effect of the partner's skill level on task performance [6], [10]-[12], [16],
[19], [32], [37], [41]. While eight of them implemented collaborative physical interaction between
the subjects during tracking [6], [11], [16], [19], [41], reaching [10], [32], and trajectory following
tasks [12], one of them only used visual interaction with no physical connection between the sub-
jects during a collaborative balancing task [37]. All of these studies reported that interacting with
a better (i.e., more skilled) partner resulted in better task performance during dyadic interaction
compared to interacting with a worse partner or performing the same task solo. Some of these
studies also found that even interacting with a worse partner improves the task performance during

interaction compared to solo performances [6], [11], [16].



52

2.4.3 Interacting with relatives/friends at home raises motivation

Gorsic et al. studied the effects of partnership on motivation and intensity [7] in rehabilitation
games, where participants played four variants (competitive, collaborative, co-active, and single-
player) of a Pong game with either their friends/relatives at home or with their occupational thera-
pists at a clinic. In another study, Gorsic et al. asked patients to play a competitive Pong game in
two different conditions: (1) with a relative/friend at home and (2) with another patient (stranger)
at a rehabilitation clinic [26]. Compared to patients exercising with a stranger at a clinic (a ther-
apist or another patient), patients exercising with a friend/relative at home preferred competitive

game modes and showed higher motivation and engagement [7], [26].

2.5 Discussion

2.5.1 Devices and experimental setups

All studies included in this review were based on upper-limb movements or rehabilitation tasks.
Most studies were also performed with hand-held end-effector-type manipulators, haptic devices,
or sensors where there is a single interaction point between the device and the user. These studies
could be extended to lower-limb movements (e.g., tracking trajectories with the ankle for rehabil-
itation [52]) to investigate if current results can be generalized. Furthermore, conducting studies
with multiple interaction points between the device and the user, such as with a multiple DOF
exoskeleton that can provide virtual connections of varying and controllable impedance at the joint
level between dyads, would aid our understanding of how dyadic interaction affects task perfor-

mance and motor learning at the joint level.
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2.5.2 Haptic rendering

In most studies on HRH physical interaction, the haptic connections between dyads are virtual
spring-damper elements. Other physical interaction schemes, such as magnet-like force elds
[25], could be investigated to provide a holistic view of the effects of physical interaction. Lessons
can also be learned from the vast amount of previous work in teleoperation [53]-[56]. A promising
possible approach, due to its similarity to traditional rehabilitation, could be to mirror the motion
of user A to user B, while only sending the force measurement of user B to user A [57]-[60].
This type of asymmetric physical interaction can be bene cial, especially in cooperative scenarios
where users have different roles. Designing the characteristics of the physical interaction based on
the assigned roles could improve the outcomes of the interaction. For example, in a rehabilitation
setting, the therapist can follow the patient's motion through their own device while applying forces

as needed to assist or correct the patient instead of just being connected with virtual springs [18].

2.5.2 Towards haptic rendering in a network of subjects

While most studies focus on interaction between only two subjects, scenarios where a network of
people interact with each other can be quite bene cial, especially in a rehabilitation setting. For
example, the ability to simultaneously interact with a network of patients can allow therapists to
provide more ef cient and effective therapy. Even though it might be expected that adaptation and
learning will take more time with more people, especially if the interaction is only non-physical,
Takagi et al. [16] obtained promising results related to the bene ts of increased group size with
physical interaction. They examined the task performance of dyads, triads and tetrads whose hands
are connected with virtual springs while they follow a common moving target. They found that
individuals use the interaction force to estimate the collective's target and improve their movement

planning. As the group size increases, the variance of haptic inference decreases, which results in
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better estimate and task performance.

Considering the initial positive results and its possible impact on rehabilitation practice, we
believe that it will be bene cial to the eld to allow a network of people to interact with each other
through their own robotic devices in future studies. In addition to solving the practical challenges
of developing these systems, the effect of multilateral HRH interactions on task performance and

motor learning should be explored.

2.5.3 Metrics

Task-related measurements (e.g., completion time, tracking error) are generally used to quan-
tify short-term motor learning due to dyadic training. Motor learning also involves neuroplastic
changes in the brain, and it has two key attributes: retention and transfer. These are not studied in
the papers we reviewed. With advanced technologies in electroencephalography (EEG), we could
potentially measure the neuroplastic changes in the brain during different dyadic interaction con-
ditions and further understand the mechanism of dyadic interactions in motor learning [61], [62].
In addition, it would be useful to include experiments that investigate how the key factors (e.qg.,
interaction type, interaction mode, partner characteristics) in dyadic interactions affect the reten-
tion/persistence and transfer/generalization of motor learning, which is essential for rehabilitation
purposes.

Two papers [7], [26] examine how the relationship between partners affects their motivation
and preferences, and many studies show that motivation can directly in uence training intensity,
which improves functional outcomes. However, there has been little study of the direct effect of
different interaction modes on clinical outcomes (e.g., via the Fugl-Meyer Assessment). Clinical
measurements should be used in combination with subjective and objective measurements to assess

how key factors in dyadic interaction affect rehabilitation outcomes.
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2.5.4 Effects of the interaction type and characteristics

Twelve studies [6], [19]-[23], [32], [33], [40]-[42], [44] that analyzed the effects of interaction
type and characteristics mostly reported similar results on dyadic interaction. However, there are

several contradicting results and areas that suggest further investigation.

2.5.4 Limited studies about the effects of interaction characteristics on individual motor learning

Some tasks can only be performed by two people, so only dyadic task performance can be analyzed.
In a rehabilitation setting, however, the goal is motor learning for the individual patient. In other
words, in rehabilitation settings, dyadic interaction is used to train people to improve their solo
performance. However, most studies investigate the effects of interaction types and characteristics
focused on dyadic task performance but do not investigate motor learning of individuals due to
dyadic training.

Only Beckers et al. [41] investigated the effect of interaction characteristics (i.e., spring stiff-
ness) on individual motor learning and found no signi cant learning difference between training
with compliant and stiff interaction. Considering the fact that they also did not nd any learning
difference between solo and stiff connection, it would be valuable to replicate a similar exper-
imental procedure with much stiffer virtual springs or with rigid interaction. This would allow
to compare the two extremes of the physical interaction characteristics (no interaction and rigid

interaction).

2.5.4 Con icting results on the effect of interaction stiffness

Four studies implemented collaborative target tracking tasks where solo and dyadic tracking per-
formances are compared [6], [19], [32], [41]. While Ganesh et al. [6] found that the biggest dyadic

task performance improvement (with respect to solo) occurs at intermediate levels of stiffness be-
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tween members of a dyad, Che et al. [32] , Takagi et al. [19] and Beckers et al. [41] observed
that as the stiffness increases performance improvement increases. (The stiffness values are given
in Table 3 of Additional le 2.) The reasons for these different results are unclear, but two main
differences between the experimental setups might be the source of the con icting results. First,
the tracking tasks in the study of Takagi et al. [19] and Che et al. [32] were 1 DoF, but in the study

of Ganesh et al. [6] and Beckers et al. [41], subjects tracked targets that moved in a plane. Second,
while in the articles of Ganesh et al. [6], Takagi et al. [19], and Beckers et al. [41] subjects tracked

a moving target, in the study of Che et al. [32] subjects reached to a static target. Therefore, addi-
tional studies with different task spaces and target types (moving, static) could be of help to better

understand the effect of interaction stiffness on task performance.

2.5.4 Little study of the effect of interaction damping

Even though several studies [6], [32], [33], [41] implemented virtual dampers between subjects for
stability, they were focused on the effect of different spring stiffnesses on dyadic task performance.
Only Tanaka et al. [20] analyzed the effects of virtual damping by varying its viscosity. They found
signi cantly different task performance at different viscosities and damping ratios. Additional
study of the effect of velocity-dependent forces on task performance is warranted.

Several studies have reported promising motor learning results for single-person upper-limb
reaching or tracking tasks due to training under destabilizing negative viscosity [63]-[65]. Neg-
ative viscosity can improve motor learning by increasing motor variability and facilitating the
development of internal models of body dynamics [66], [67]. However, none of the references

reviewed in this paper implemented negative viscosity between the subjects.
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2.5.5 Effects of the interaction mode
2.5.5 Many factors contribute during non-physical interaction

It is clear that, when the interaction mode is selected properly, non-physical interaction can im-
prove the participants' motivation, engagement, and gaming experience, leading to an increase in
physical activity and training intensity. Many of the included studies con rmed that the personality
of the user, the intimacy between dyads, and environmental factors play important roles in choos-
ing the proper interaction mode. In neuromuscular therapy, training intensity—alongside early
treatment and user-centered, task-oriented training—is a key factor for functional improvement.
Therefore, non-physical interaction has great potential to further increase the bene ts brought by

robot-assisted neuromuscular and virtual reality-assisted therapy.

2.5.5 Comparison of interaction modes during physical interaction is needed

Despite the increasing interest in comparing different interaction modes for non-physical interac-
tion conditions, no study compares how different physical interaction modes affect task perfor-
mance or individual motor learning. Moreover, no study has implemented competitive physical
interaction between subjects among the selected studies.

Even though competitive physical interaction would result in worse task performance during
the training, it is quite promising for improved individual motor learning. Considering the positive
results obtained by haptic error modulation and resistive training studies [68]-[71], competitive
interaction can facilitate error-based motor learning. One possible way to implement competitive
physical interaction is rendering virtual springs with negative stiffness between the subjects such
that they push each other away while following the same target. It is also possible to facilitate

competitive physical interaction by assigning con icting goals while subjects haptically interact
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with each other [52], [72].

Cooperative interaction in a teacher-student scenario can also be helpful for individual motor
learning, especially for less-skilled subjects who are not able to complete the task alone. One
way to obtain this interaction is by implementing a virtual uni-directional spring where force is
transmitted only to the student. For a perfect teacher, this interaction resembles assistive robotic
training strategies [73]-[75].

Due to their relevance to different robot-aided physical therapy strategies, implementation of
competitive, collaborative, and cooperative physical interaction in a single study to compare the
effects on individual motor learning could be very bene cial to our understanding of HRH interac-
tion. We believe that such results could be further translated to robotic controllers that can mimic

human-like adaptability.

2.5.6 Effects of partner characteristics

The studies analyzed here were focused on either effects of partner skill level on task perfor-
mance/individual motor learning or effects of partner relationship on exercise intensity and moti-

vation for rehabilitation scenarios.

2.5.6 Limited and con icting results about the effects of partner characteristics on individual

motor learning

Only three of the included studies investigated the effects of the training partner's initial skill level
on individual motor learning [10], [12], [41]. All of them implemented collaborative physical inter-
action between the subjects during planar tracking/reaching tasks under visuo-motor disturbances
[12], [41] or force eld [10].

Kager et al. [12] and Mireles et al. [10] reported qualitative trends and statistically signi cant
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results respectively, suggesting training with a partner that has a similar initial skill level improves
individual motor learning more compared to training with an expert. The reason behind these
results might be that novice partner does not need to work hard when they are connected to an
expert, which can negatively impact their learning of the task. On the other hand, Beckers et al.
[41] found that as the initial skill level of the training partner increases, individual motor learning
increases. While the hypothesis behind this result might be that having a better teacher is better
for learning new tasks, it is worth noting that it was a collaborative task with no explicit roles (e.g.,
teacher-student) given to the subjects. Another possible explanation is the fact that initially less-
skilled partners, who are more likely to interact with better partners, have more room to improve
their individual performance than initially more skilled partners. Another important difference
between these studies is that Beckers et al. [41] use the same trajectory for the dyadic and solo
trials with only different starting points. Therefore, cognitive memory might play a role in their
results. On the other hand, Kager et al. [12] and Mireles et al. [10] use different trajectories
or random targets where results are more generalizable to different motions and depend less on
the properties of the selected trajectory. Moreover, while Beckers et al. [41] measured motor
adaptation, Mireles et al. [10] and Kager et al. [12] investigated mostly skill learning. We believe
more work on this topic is warranted with different tasks, different disturbances, and more variety
on the initial skill differences of the subjects to better understand the reasons behind the con icting

results.

2.5.7 Transferring results to rehabilitation environments

2.5.7 Long-term effects need further investigation

Physical rehabilitation is usually a process that takes weeks, months, or even years. Among se-

lected studies, only ve of them implemented experimental setups where training takes place in
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multiple sessions during different days or weeks [9], [10], [26], [27], [49]. Moreover, only Mireles

et al. [10] implemented physical interaction and had a post-retention session on a different day
from the last training session. Extending the number of studies involving physical dyadic training
over a long period of time and investigating long-term retention could inform the application of

results to rehabilitation scenarios.

2.5.7 Independent investigation of partner's nature and environmental settings is missing

In rehabilitation settings, in addition to the partner's nature, environmental settings can in uence
performance and motor learning. In the studies of Gorsic et al. [7], [26], more positive results
in terms of motivation and exercise intensity were obtained for participants interacting with a
friend/relative at home compared to interacting with a stranger (another patient or therapist) at a
clinic. However, it is worth noting that whether the increased motivation was due to interacting
with a relative/friend or due to the environmental factors was not analyzed. Additional studies that
independently investigate the effects of the partner's nature and environmental settings are needed.

Results from these studies can be translated to possible home or clinic-based dyadic rehabilitation.

2.5.7 Lack of studies on the effects of partner's age and impairment

While there are studies analyzing different kinds of tasks, skill levels, and interaction environ-
ments, no study examined subjects' ages among the selected references. We believe this factor
should also be investigated in future studies considering that robotic haptic guidance results in
different motor learning improvements among different ages [76], [77]. Another factor that might

in uence preference and motivation is the participants' level of impairment. Clinical trials need

to include more participants with different levels of impairment for a systematic investigation.

Lessons learned regarding these factors can be applied in clinical scenarios where patients interact
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with each other during their training sessions.

2.5.8 Limited variation of interaction condition

Even though the effects of interaction type, interaction mode, and partner characteristics are in-
vestigated in different studies, only a couple of studies examine more than one of these three
components with the same experimental devices and procedure. Moreover, as shown in Figure
2.3, there is no single study that systematically varies each interaction component. To have more
generalizable results on task performance and individual motor learning, we believe that interac-
tion types, characteristics, and modes should be systematically changed, and the effects of a wide

variety of interaction conditions should be compared.

2.5.9 Does physical HH interaction improve task performance?

Many studies clearly conclude that collaboratively and physically interacting with a better part-
ner results in better task performance than interacting with a worse partner for different tracking,
reaching, or trajectory following tasks at upper limb with different physical interaction character-
istics (i.e., stiffness, damping). This is not surprising due to the nature of collaborative physical
interaction where the partner's individual performance directly affects the dyadic task performance.
Interestingly, some studies found that even connecting with a worse partner can improve task
performance [6], [11]. Subjects using haptic forces to estimate their partner's target to improve
their own prediction of the target can be one explanation for that [15]. It is also possible that
physical interaction corrects th@regular or erratic tracking behavioursof subjects [11]. Im-
plicit role specialization [5] between subjects might be another explanation for the improved task

performance compared to solo even if the partner's skill level is worse.
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2.5.10 Does physical HH interaction improve individual motor learning?

Unlike task performance, the results obtained on the effects of HH interaction on individual motor
learning are more limited, contradictory, and hard to generalize. Three studies [6], [11], [41] that
compared collaborative dyadic training with solo training did not report consistent results with
each other. Ganesh et al. [6] and Beckers et al. [41] implemented an almost identical experimental
protocol for a target tracking task with visuo-motor rotations. While Ganesh et al. [6] reported
better individual motor learning with dyadic training than solo training, Beckers et al. [41] did not
nd any signi cant difference between the individual motor learning of the dyadic group or solo
group.

One possible explanation for the different results might be the fact that different robotic devices
were used. Neither article reported their haptic transparency or virtual environment rendering
delity during solo and connected trials, respectively. It is important that interaction forces are
rendered with high accuracy to correctly compare the results from different interaction conditions.
For example, if parasitic forces felt by the user in solo mode (e.g., frictional and inertial forces)
are signi cant compared to the interaction forces in the connected mode, the comparison of solo
and connected training can be misinterpreted. Similarly, if the stiffness felt by the users is not
consistent during dynamic motion, the effects of the physical interaction might be misinterpreted.

Due to the conicting and limited number of studies, we believe further systematic studies
focusing on individual motor learning are warranted. Moreover, presenting haptic transparency,

and rendering performances can be bene cial to prove solo and dyadic conditions are implemented

properly.



63

2.5.11 Human-like robotic controllers

Further analysis of how humans move when they are coupled to others, and transferring this knowl-
edge to human-robot systems, can lead to advanced human-like robotic controllers. Human-like
robot controllers based on improving motor learning could have signi cant implications on re-
habilitation robotics to achieve or perhaps improve the results obtained by conventional human
therapists. Moreover, knowledge of HH interaction on dyadic task performance can be used to
develop robots that work together with humans in industry settings, such as carrying a large object
or performing assembly tasks together.

We found several studies that did not meet our inclusion criteria, but which did investigate HH
interaction to develop human-like robotic controllers or to understand dyadic communication. One
way to represent human motion is to model it as an optimal controller minimizing a cost function
that penalizes error and effort [15], [72], [78], [79]. Another less commonly used method is to
represent the human as a rst- or second-order system with delay [80], [81]. It is also important
to take specialization, role sharing, and negotiation into account while modeling human behavior.
Accelerator/decelerator [5], executor/conductor [82], and leader/follower [72] are some of the ob-
served roles in human-human studies. In line with these results, Kucukyilmaz et al. implemented
a haptic role exchange mechanism on a dynamic human-robot joint manipulation task and showed
that the role exchange mechanism improves task performance and joint ef ciency of the partners
[83], [84].

Three studies used HH interaction-derived robot controllers to substitute one of the peers [15],
[85], [86]. In all of these studies the subjects either did not realize that they were interacting with
a robot [85], [86] or their task performance or individual motor learning results with robot part-
ners were similar to their results with human partners [15]. However, it is worth noting that it

was not clear if substituting one of the peers had an effect on the motivation because the experi-
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mental procedures did not involve any social interaction component. We believe that these results
are promising for obtaining human-like robotic controllers, and they should be supported with

additional studies with different interaction conditions and tasks.

2.6 Conclusions

Many variables govern HH interaction, including interaction type (i.e., physical, non-physical or
the combination), characteristics (i.e., interaction impedance between the individuals), mode (i.e.,
collaborative, cooperative, co-active, competitive), and partner characteristics (i.e., skill level, in-
timacy, personality). Over the past few decades, many researchers have been systematically in-
vestigating each variable to better understand why humans physically interact so effectively and to
improve individual motor learning in HRH systems.

Studies on interaction type showed that additional physical interaction resulted in better task
performance than visual interaction alone during tracking tasks. Some studies reported that the
type of non-physical interaction (e.g., visual vs. auditory interaction) can greatly in uence task
performance. The combination of additional non-physical communication channels (e.g., visual vs.
visual and audio interaction) with physical interaction was also shown to in uence the motivation
level during a given task. Some studies also emphasized the signi cance of the characteristics of
the physical interaction (e.g., interaction stiffness).

Similarly, the choice of interaction mode was also shown to have signi cant effects on task per-
formance and engagement. Interaction modes were mostly studied during non-physical interaction,
showing that despite the mode, all types of non-physical interaction can improve engagement and
motivation when compared to performing the same task alone. Depending on the personality of
the individual, competitive or cooperative modes led to enhanced motivation and movement inten-

sity. Partner characteristics also played a prominent role in task performance and motor learning.
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Interacting with relatives and friends increases motivation when compared to interacting with a
stranger. There were also several studies showing that physically interacting with a more skilled
partner in a collaborative arm tracking task improves the task performance while interacting with
a partner that has a similar skill level improves individual motor learning.

Although it is dif cult to draw clear conclusions as to which interaction type, mode, or partner
characteristic may lead to optimal task performance or individual motor learning, these results
show the possibility for improved motor learning during HH or HMH interaction. By selecting
the optimal combination and personalizing these variables, there is a clear opportunity to not only
enhance motor learning during HH or HMH interactions but to also make the experience more
enjoyable. Future studies could explore human interaction with a multi-joint robot at multiple
contact points (e.g., an exoskeleton) in order to analyze the motor task at the joint level. With the
continuous advances in neuroimaging tools, such as EEG, it may be possible to monitor changes
in the brain with high spatial and temporal resolution. Investigating the effects of interaction type,
mode, and partner characteristics at the cortical level may provide insight into the mechanism of

motor improvement during physical and non-physical interaction.
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CHAPTER 3
INTERACTION FORCE CONTROL FOR A LOWER LIMB EXOSKELETON

"Measure what is measurable, and make measurable what is not so.”

Galileo Galilei

This chapter is adapted from the article “Haptic Transparency and Interaction Force Control
for a Lower Limb Exoskeleton” [3], published in the IEEE Transactions on Robotics (T-RO),
co-authored by Yue Wen, Sangjoon J. Kim, Matthew R. Short, Daniel Ludvig, Levi Hargrove,

Eric J. Perreault, Kevin M. Lynch and Je4.. Pons.

3.1 Introduction

Lower-limb exoskeletons are used to assist impaired individuals in their daily life and as a tool for
physical rehabilitation in clinical settings [87], [88]. They are also increasingly used to augment
the abilities of healthy individuals [89]. In each of these applications, the exoskeleton must be
capable of regulating the interaction forces and torques between the user and the exoskeleton, both
for the safety of the user and the effectiveness of the control mode.

As an example, th&ransparentcontrol mode attempts to zero the interaction forces between
the user and the exoskeleton. Transparency is useful for comparison when evaluating new re-
habilitation control strategies [90] and for allowing users to move freely when wearing assistive
devices [91]. Other control modes, used in rehabilitation, include “assist as needed” (AAN) and
resistive control for robot-aided gait therapy [92]. With AAN, the robot provides only as much

assistance force as needed to complete a given task [93]. In resistive and error-augmentation meth-
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ods, force is applied to make the task more challenging, which accelerates relearning of motor
tasks [90], [94].

An important part of controlling interaction forces is compensating the weight of the lower-
limb exoskeleton. How the weight of the exoskeleton is transferred to the ground or the user

depends on its design. There are three main categories of design:

Grounded trunk  The trunk of the exoskeleton is xed relative to a treadmill structure [74], [95],
[96]. Due to the grounded trunk, only the masses of the individual leg links are felt by the user,

and these masses can be compensated with active control.

Floating-base (trunk) without feet These exoskeletons are designed for unrestricted overground
walking and do not contact the ground [97]-[99]. Partial gravity compensation can be achieved for
the swing leg, but it is not possible for the exoskeleton to completely carry its own weight since
there is no contact with the ground. Such exoskeletons are designed to be as light as possible,

which limits their maximum assistance/resistance and battery life.

Floating-base with feet These exoskeletons are designed for unrestricted overground walking
and have feet that contact the ground [100]-[106]. The weight of the exoskeleton can be transferred
to the ground through the exoskeleton's foot contact. While this allows for stronger actuators and
larger batteries, it comes at the cost of more complicated controllers for accurate interaction force
control.

In this paper, we focus on oating-base lower-limb exoskeletons with feet, for which control-
ling interaction forces remains an open problem [102], [107]. Accurate interaction force control
will enable natural implementations of AAN, resistive, and error-augmentation methods in over-

ground walking therapy using rehabilitation exoskeletons. Floating-base exoskeletons with feet
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also allow the possibility of larger assistive forces and longer battery life.

Due to the high torque requirements of oating-base exoskeletons with feet, high reduction
ratios are used, which results in high friction and apparent inertia of motor rotors [108]. Also, these
exoskeletons are heavy due to powerful actuators and large batteries. Therefore, it is essential to
compensate for these factors to accurately control the interaction forces and torques between the
user and the exoskeleton.

Another challenge is measuring the interaction torques between the human and the exoskeleton.
Grounded exoskeletons typically have a small number of contacts with the user, and interaction
forces can be directly measured by force sensors implemented at the contacts [74], [109], [110].
In contrast, oating-base exoskeletons have broadly distributed contacts with the user, including
at the trunk and foot. This makes it challenging to implement force/torque sensors at all contacts.
Therefore, it is required to indirectly estimate the interaction forces and torques through other
sensory information.

In this paper, we present a novel method to estimate and control user-exoskeleton interaction
torques during the complete gait cycle of a oating-base hip-knee exoskeleton with feet. The con-
troller, which is based on constrained optimization, outperforms the state of the art in achieving
transparency (zero impedance) and nonzero impedances in the user-exoskeleton interaction behav-
ior.

The context of the contribution of this paper is established by the related work below.

3.1.1 Related Work

Previous studies on controlling interaction forces with oating-base lower-limb exoskeletons with

feet can be divided into three main categories.
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Table 3.1: Selected features of the interaction force/torque control studies. Note that this paper
focuses on oating-base lower-limb exoskeletons with feet. Therefore, this table does not include
studies with grounded exoskeletons and oating-base lower-limb exoskeletons without feet.

Interaction force  User Instrumentation Physical/safety
Reference Model .
feedback dependent on user limit
Camardella et al.,
2021 [100] Whole-body No Yes No No
Vantilt et al.,
2019 [101] Whole-body No No No No
Andrade et al., Independent PD
No No No
2019-21[102],[103] double pendulums controller
Tuetal., Independent Admittance No No NoO
2020 [104] double pendulums controller
Shari etal., Whole-body
2021 [105] (learnt by NN) No ves No No
Kazerooni et al., 3-link for swing Sensitivity
no model for stance o No Yes No
2006 [106] " Ampli cation
(position control)
Our proposed Admittance
method (WECC) Whole-body controller No No Yes

3.1.1 Whole-body dynamics compensation with no interaction force feedback

A lower-limb exoskeleton can be modeled as a oating-base system considering all links and joints
together, similar to a bipedal robot [111], [112].

Vantilt et al. [101] implemented a whole-body oating-base model while considering external
contact constraints such as ground contact or contact with a stool. They estimated the contact
forces based on a complementary energy method [113]. However, this method does not allow the
calculation of interaction torques at the non-static contact points between the human and exoskele-
ton. Camardella et al. [100] also modeled the full-body dynamics based on the user-dependent
continuous interpolation between left and right stance dynamics. These studies compensated for
the gravitational and Coriolis torques calculated using the whole-body model. However, model-

ing errors were not corrected with interaction force feedback, and desired interaction torques were
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used only as a feedforward term.

3.1.1 Simpli ed double pendulum model with interaction force feedback

Andrade et al. [102], [103], and Tue et al. [104] employ a simpler, non-whole-body model of the
exoskeleton to help estimate interaction torques. In this simpli ed model, each leg is modeled as
an independent double pendulum 2R robot. When the leg is in swing and stance, the hip and ankle
joints are assumed to be pinned, respectively. This model is used to calculate the feedforward
compensation torques, which are subtracted from the joint torque measurements to estimate the
interaction torques between the human and exoskeleton. Interaction torque estimation is used as
the input of a proportional-derivative (PD) or admittance controller.

Since the backpack is not modeled and the legs are modeled independently, the dynamic com-
pensation torques and interaction torque estimates are not accurate for the stance leg. With this
approach, the stance leg carries only its own weight instead of the weight of the entire exoskeleton.
While this might be acceptable for light or grounded exoskeletons, it is not accurate for exoskele-

tons designed for overground walking that provide a high level of support and long battery life.

3.1.1 User-dependent or user-instrumented approaches

Since physical parameters and walking gaits vary from user to user, some interaction force con-
trollers require additional sensors to be af xed to the user and/or custom tuning for each user.

Shari et al. [105] implemented a neural network scheme to learn the whole-body dynamics of
the exoskeleton together with the user. While this method does not require additional sensors to
measure the joint torques, the main drawback is user-dependent learned dynamics, and a training
phase is required for each user. Kazerooni et al. [106] implemented a hybrid controller where

the exoskeleton's stance leg follows the joint positions of the user to provide haptic transparency.
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The joint positions of the user's leg are measured by inclinometers attached to it. Moreover, the
proposed method is for haptic transparency only; if the desired interaction force is non-zero, a

model of the user-dependent interaction properties are needed.

3.1.1 Summary

Selected features of interaction force/torque control studies on oating-base lower-limb exoskele-
tons that contact the ground are presented in Table 3.1. These studies can be categorized into
three main groups. First, there are studies where the whole-body dynamics of the exoskeleton are
compensated with no interaction force feedback [100], [101], [105]. Second, some studies mod-
eled the exoskeleton as two independent legs with no consideration of the backpack [102]-[104].
These studies implemented PD or admittance controllers based on the interaction force/torque
error. Third, there are methods that require additional instrumentation on the user [106] or user-
dependent learning for model or gait state estimation [100], [105]. None of these proposed control
strategies implements optimization methods to enforce physical or safety limits to avoid actuator
saturation or to constrain the motion to satisfy safety conditions.
To the best of our knowledge, there is no study that calculates interaction forces with full-

body dynamics during the whole gait cycle and uses this estimation in a closed-loop control for a

oating-base lower-limb exoskeleton that is in contact with the ground.

3.1.2 Contributions

In this paper, we propose a novel subject-independent method to calculate interaction forces during
both single and double stance con gurations based on a whole-body dynamic model. Moreover,
we propose constrained optimization combined with a virtual model controller to achieve desired

interaction torques while considering physical and safety constraints. We call the proposed method
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whole-exoskeleton closed-loop compensafiMiCC) because whole-body dynamics of the ex-
oskeleton is compensated and considered in the closed-loop controller.

We evaluated the transparency and spring-damper haptic-rendering performance of our pro-
posed WECC controller on treadmill walking. We compared the performance of the WECC con-
troller to a control approach based on a simpli ed dynamic model of the exoskeleton (the “simpli-
ed” condition), where the legs are modeled as double pendulums independent of one another and
the backpack is ignored [102]-[104], [108].

For transparency evaluations, we also tested the performance of a passive version of the ex-
oskeleton with disassembled drives (the “no-drive” condition).

We observed that the transparency of the swing leg was similar under the three conditions
(WECC, simpli ed, and no-drive), but our proposed WECC method outperformed the simpli ed
controller and the no-drive condition for the stance leg. In nonzero impedance haptic rendering, the
WECC and simpli ed controllers performed similarly for the swing leg, but our WECC controller
tracked the desired interaction torques better for the stance leg.

The core contributions of this article are as follows:

1. A continuous whole-body forward dynamical model for the whole gait cycle is developed

based on the ratios of the vertical ground reaction forces at the feet.

2. A novel method to estimate the interaction forces during both single and double stance con-

gurations is proposed.

3. A constrained-optimization-based virtual mass controller is implemented that considers the
underactuation of the exoskeleton and its physical/safety constraints to control the interaction

torques.

4. The transparency and haptic rendering performance of our proposed WECC controller is
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compared to a state-of-the-art controller based on a simpli ed dynamic model.

3.2 System Description and Modeling

3.2.1 Lower-limb Exoskeleton: ExoMotus-X2

A four-degrees-of-freedom (DoF) lower limb exoskeleton (ExoMotus-X2, Fourier Intelligence,
Singapore), shown in Figure 3.1, was adapted and used as a platform to test the proposed inter-
action torque controller. This exoskeleton has four total active degrees of freedom at the hip and
knee joints, and passively allows motion at the ankle joints. Each active joint is driven by a Maxon
EC60 100 W motor with a 1:122.5 reduction ratio obtained via harmonic gearing and a belt. Cop-
ley Accelnet ACK-055-06 motor drivers are used to control the motors. A peak torque of 80 Nm
and a peak velocity of 3.2 rad/s can be obtained at each joint.

Due to the high friction caused by the large reduction ratio, it is not feasible to estimate the joint
torques by only measuring the current through the motors. Therefore we modi ed the ExoMotus-
X2 exoskeleton to add joint torque sensors at each driven joint. Each torque sensor consists of a
full Wheatstone bridge with four strain gauges on the limb just distal to the joint, similar to the
method presented by Claros et al. [114]. These custom joint torque sensors provide measurements
with a resolution of 0.3 Nm and 0.1 Nm at the hip and knee joints, respectively. The strain gauges
were calibrated by immobilizing the joints and hanging known weights at known locations while
the exoskeleton was suspended by backpack attachment points. A close-up view of the strain gauge
is shown in Figure 3.1

An inertial measurement unit (IMU) (Tech-IMU V4 by Technaid S.L.) is mounted on the back-
pack to measure the orientation and angular velocity of that link. Using the encoder measurements
from each motor and orientation estimation of the backpack, the orientation of each link in the

sagittal plane with respect to the gravity vector is estimated. In addition, eight 3-DoF force plates
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(90478, Kistler) under a custom instrumented split-belt treadmill are used to measure ground re-
action forces at each foot Furthermore, to have a tighter connection with the upper body, an
additional trunk brace was adopted from another lower-limb exoskeleton (Exo-H3, Technaid S.L.).
Communication with motors and onboard sensors is established over a CAN bus using the
CANOpen communication protocol. To minimize communication delay and allow real-time visu-
alization and tuning capabilities, an external PC is connected to the exoskeleton by a tether. Ana-
log force plate readings are acquired with an Arduino Mega board connected to the same PC. The
controllers and applications are implemented on an open-source software stack called CANOpen
Robot Controller (CORC) [115] based on ROS and C++. High-level controller commands and
sensor measurements are updated at 333 Hz, while the low-level current controller of the motors

runs at 15 kHz.

3.2.2 Dynamic Model

Our proposed WECC control method is based on a whole-body model where we incorporate the

saggital plane dynamics of every link of the exoskeleton, including the backpack.

3.2.2 Whole-body dynamics

The exoskeleton is modeled as a oating-base ve-link mechanism with four active joints. The
dynamics of the human user are not modeled but are incorporated into the exoskeleton dynamics
as a source of external torque at each joint. For each gait state, the constraints on the system and
the equations of motion are modi ed accordingly. These gait states are no ground cogtagi (

contact by a single foos{ngle stancg and contact by two feetlpuble stance Figure 3.2 presents

1The external footplates provide ground truth, but the controller uses only relative ground reaction forces rather than
absolute ground reaction forces, and estimates of these relative forces may be provided by sensors on the exoskeleton
itself. This is discussed further in Sections 3.3 and 3.6.
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