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ABSTRACT

Intent Prediction in pHRI:
Subtask Recognition with Deep Learning
Utku Erdem
Master of Science in Computer Science and Engineering
January 24, 2020

Understanding the human’s intention in a physical collaborative task is impor-
tant for a robot to provide the right type of assistance. We claim that most tasks are
made of sequential subtasks and define the human intention as the current desired
subtask to be executed. These subtasks have different requirements and a single
controller will not be the best way to regulate the interaction. If these subtasks can
be recognized in real time, an appropriate controller or controller parameters can be
selected. In this work, we propose the idea of subtask recognition, formulate it as a
time series classification problem, and develop a deep learning approach to accom-
plish it. We perform three experiments. The first one (n = 10 subjects) verifies the
viability of our subtask recognition approach, achieving above 90% test accuracies.
The second one (n = 5) tests our approach in multiple challenging conditions and
shows that it is robust to different human operators, human arm configurations,
controller parameters, and environment stiffnesses. The third experiment (n = 18)
tests our approach in real time. The results provide empirical evidence that the task

performance is improved using the proposed approach.
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OZETCE

Fiziksel Insan-Robot Etkilesiminde Niyet Kestirimi:
Derin égrenme ile Alt Gorev Tanima
Utku Erdem
Bilgisayar Bilimleri ve Miihendisligi, Yiiksek Lisans
24 Ocak 2020

Bir robotun uygun sekilde yardim edebilmesi icin, fiziksel igbirligi iceren gorevlerde
insan niyetinin kavranabilmesi onemlidir. Bu c¢aligmada, ortaklasa ytiriitiillen ¢ogu
gorevin sirali alt gorevlerden olustugunu ve insanin niyetinin yiiriitiilecek olan bu
alt gorevlere denk geldigini 6ne siiriiyoruz. Bu alt gorevler farkli gereksinimlere
sahip olabilirler, dolayisiyla tek bir denetleyici, etkilesimi diizenlemek i¢in en iyi
secenek olmayabilir. Bu alt gorevler gercek zamanl olarak tanminabildigi zaman, uy-
gun denetleyici veya denetleyici parametreleri segilebilecektir. Biz, bu caligmada,
alt gorevleri tamima fikrini 6neriyor, problemimizi bir zaman serisi siniflandirmasi
olarak formiile ediyor ve bunu bagarmak icin derin 6grenme yaklagimini kullaniyoruz.
Bu caligma kapsaminda ti¢ farkli deney gergeklegtirdik. Birinci deneyde (n = 10
katihmei), alt gorevleri tamima yaklagimimizin uygulanabilir oldugunu ve boyle bir
yaklagimla elde edilen tahmin oranmmzin %90'm iizerinde oldugunu gordiik. Ikinci
deney (n = 5 katilimca) kapsaminda yaklagimimizi ¢ok zorlu kogullarda test et-
tik ve yaklagimimizin farkl kullanicilara, insan kolu konfigiirasyonlarina, denet-
leyici parametrelerine ve cevre katihgma karst giirbiiz oldugunu gosterdik. Uciincil
deneyde (n = 18 katilimci) ise yaklagimimizi gergek zamanli olarak test ettik.
Sonugclar, onerdigimiz yaklagim kullanildiginda gérev performansinin iyilestirilebile-

cegine dair deneysel bulgular sunmaktadir.
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Chapter 1

INTRODUCTION

Physical human-robot interaction (pHRI) and collaboration have the potential
to synergistically combine abilities of humans and robots. Humans are good at high-
level decision making, error recovery and visual perception while robots are good at
low-level control, repetition and precision. A pHRI system can be faster, safer, more
efficient, flexible and ergonomic in achieving a desired task. The development of
collaborative robot manipulators which are safer and lower cost than their industrial
counterparts, and the ubiquity of force/torque (F/T) sensors are bringing us ever
closer to practical and widely adopted pHRI.

One challenge in pHRI is understanding the intention of the human so that the
robot can best choose how to assist or even take the lead. There are multiple ways
to define intention [1]. Most existing works treat human intention in pHRI as a
low-level concept such as desire to accelerate or decelerate. We take a high-level and
task-based approach. We claim that most pHRI tasks consist of sequential subtasks
and define human intention as the current subtask to be executed.

We argue that a single controller parameter set for the robot will not yield the
best results for the entirety of a pHRI task. Subtasks have different requirements for
quality of interaction and performance, and require different controller parameters
or even controllers. For example in a drilling task, (1) the drill needs to be brought
close to the intended hole location, (2) the drill needs to be aligned with the surface,
and (3) the drilling operation needs to be performed. Each of these subtasks have
different requirements. In subtask 1, the robot should be transparent to the human
and move easily. In subtask 2, the robot’s motion should be more resistive (damped)

to allow precise positioning. In subtask 3, the robot should maintain stability by
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Figure 1.1: Physical human-robot interaction (pHRI).

rejecting disturbances due to contact and drilling. These requirements can be met
by selecting different controllers. Meeting all these requirements will increase the

task performance.

1.1 Thesis Statement

Typical pHRI task consists of several subtasks. We define human intention as the
desired subtask to be executed. These subtasks have different requirements and a
single controller will not be the best way to regulate the interaction. When these
subtasks can be recognized in real time, an appropriate controller or controller pa-
rameters can be selected, so that overall efficiency and task performance can be

increased.

1.2 Contribution

First, we divide a typical pHRI task into subtasks and want to show that subtask
recognition is viable during the interaction. We formulate subtask recognition in
pHRI as a time series classification problem and use deep learning to tackle it. We

argue that a machine learning (ML) based approach is better than a rule-based one
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for multiple reasons. The latter is prone to human error, requires expertise that may
not be present at the robot deployment site, may require fine-tuning for different
conditions and may be impossible to achieve for complex pHRI tasks. An ML based
approach will be more robust given enough data.

We perform an experiment (see Figure 1.1) with 10 participants to show that
subtask recognition; (1) is feasible with high recognition rates, and (2) can be gen-
eralized between users, i.e., a model trained with one participant can be used to
predict the subtasks of others. We then perform another experiment with 5 partic-
ipants to test our approach in more challenging conditions to (1) verify the results
of the first experiment and show that it is robust against changes in (2) human arm
configuration (human arm stiffness), (3) controller parameters and (4) environmen-
tal stiffness. We perform multiple evaluations (train-test conditions), most of which
have recognition rates above 90%, to support our claims. We conduct one last ex-
periment with 18 participants to show that our method can be utilized in real time

to improve task performance.

1.3 Outline

The rest of this thesis is organized as follows: Chapter 2 presents the earlier related
studies estimating human intention in pHRI systems. The proposed approach for
subtask recognition is introduced in Chapter 3. Section 3.1 presents the prelimi-
naries for the human subject experiments. The experimental study investigating
the viability of the proposed approach is reported in Chapter 4. The robustness
of such an approach against several conditions that can be encountered during a
pHRI task is investigated by another experimental study reported in Chapter 5.
An implementation of the proposed subtask recognition approach in real time and
performance of an adaptive interaction controller utilizing the proposed approach
in another experimental study is presented in Chapter 6. A thorough discussion is
given in Chapter 7, and conclusions and future research directions are provided in

Chapter 8.
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Chapter 2

RELATED WORK

Impedance/admittance based interaction controllers [2,3] are widely used to reg-
ulate the physical interaction in pHRI systems. A robot can adjust its contribution
to comply with the intentions of the human by adapting the parameters of its con-
trollers. Such adaptation requires the prediction of the human intention during
interaction through the haptic communication channel between the human and the
robot. In this study, as mentioned in the introduction, we define human intention
as the current subtask of an overall pHRI task.

Communication between partners in a physical collaborative task is crucial for
fluency and efficiency. Humans can do this in a non-verbal way through the haptic
channel. For instance, Stefanov et al. [4] propose executor (executes the task) and
conductor (guides the task) roles for human-human interactions. They show that
intent communication, of which role to take, is possible with the use of haptic cues.

We argue that utilization of machine learning (ML) in the domain of pHRI
to detect human intention will perform better compared to rule-based approaches.
Within this scope, we present earlier related works in two separate class: ones

involving rule-based approaches and others utilizing machine learning.

2.1 Studies Involving Rule-Based Approaches

Although humans can communicate through haptic cues in order to understand each
other’s intentions [4], robots cannot make use of such cues easily. This is one of the
challenges in establishing reliable communication between humans and robots during
physical interaction. One approach to solve this is to use force-based information.
Mértl et al. [5] adjust the contribution of the robot dynamically according to human

partner’s intentions by using the interaction force and its direction through a role
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exchange mechanism suggested in [6,7]. Medina et al. [8] propose an arbitration
mechanism which dynamically adjusts the contribution of the robot based on forces
applied by the human. Here, robot assumes that human partner intends to change
the direction of motion when they exceed a predetermined force threshold in that
direction. Another approach is to utilize kinematics information. Ikeura and In-
ooka [9] use velocity of the manipulated object, instead of force based information,
to alter the damping parameter of a variable admittance controller. Several other
studies utilize both the derivative of force applied by the human and the velocity
of the manipulated object to predict whether the human intends to accelerate or
decelerate an object [10]. Aydin et al. [11] improve the approach proposed in [10]
by adding a fuzzy intention estimator and show its effectiveness in a simulation.
Instead of using the derivative of the interaction force, Lecours et al. [12] prefer
the acceleration output of the admittance controller directly so that noise in force
measurement would not adversely affect the intention estimation. In [10-12], damp-
ing is increased (decreased) when the human intention is estimated as deceleration
(acceleration). These studies show that force-based (force, F' and derivative of the
force, dF') and kinematics information (velocity of the object, v) can be used in
predicting human intent in pHRI.

Knowledge of human arm stiffness can give hints about the intention as well.
Tsumugiwa et al. [13] estimate human arm stiffness but this requires additional com-
putational effort and may not be accurate if the pHRI task is complex. Grafakos et
al. [14] propose to usc surface EMG to predict whether human intends to perform
operation requiring high precision movements or not. They assume that humans
tend to co-contract their muscles when they perform such movements while activa-
tion levels of muscles is kept low when the operation does not require high precision.
Consequently, if a rise in the muscle activation is detected through surface EMG,
the damping is altered on-the-fly accordingly to allow fine incremental movements
for increased precision. Their approach decreases the energy consumption of the
human and increases motion accuracy. However, placing a surface EMG is not al-
ways a feasible solution as it requires additional infrastructure. On the contrary,

we propose a method which does not require any other investments but uses the



Chapter 2: Related Work 6

utilities of the robots alone.
Common shortcoming of all the aforementioned studies is the exclusive use of
rule-based approaches, which means that parameters/rules need to be tuned manu-

ally for different tasks or different users.

2.2 Studies Involving Machine Learning

As a more promising choice over the rule-based approaches, ML has the potential
to yield more generic and flexible approaches to estimate human intention in pHRI.
For instance, Rozo et al. [15] propose a framework for a user to teach collaborative
skills to a robot from demonstrations. Robot learns how to adjust its impedance
to execute the task during physical collaboration. Dimeas et al. [16] propose a
variable admittance controller based on reinforcement learning for human-robot co-
manipulation where damping of the controller is regulated to minimize jerk. These
approaches do not estimate or use human intention but learn how to execute a
task collaboratively with a human to improve the quality of interaction. However,
learning each task, or a specific policy for all tasks may not always be feasible. For
instance, a task like drilling itself can be inherently jerky, which makes learning
a policy to minimize jerky motion could be challenging. Furthermore, minimizing
jerk will often not be the only desirable robot assistance. In such cases, predicting
human intent will enhance the applicability of the approach.

ML based techniques can also be used for estimating human intent in collabora-
tive tasks involving physical interaction. Such approaches can offer an end-to-end
framework, so, estimations of the human intent would be more generic. To this end,
there are several studies combining different types of machine learning algorithms
with force-based and kinematics information. Townsend et al. [17] utilize a neural
network to predict intended human motion based only on the available recent data
without any prior estimation or calculation, and provide empirical evidence for the
potential of their approach. Evrard et al. [18] develop a role-switching model using
the interaction forces and Gaussian Mixture Models. Using this model, robot is able

to switch its role from leader to follower or vice versa according to estimated role
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(i.e. intention) of the human. Wang et al. [19] use interaction forces and a Hidden
Markov Model to estimate human impedance and decide whether human intends to
actively lead the execution of the task or to comply with the robot’s agenda for a
handshaking task. Parameters of the admittance controller are selected according to
the estimated human intention. Ranatunga et al. [20] develop a system for rehabil-
itation purposes utilizing neural networks and estimate intended human motion, so
that the admittance controller parameters are altered on-the-fly as needed. These
approaches show that it is viable to use ML in pHRI but none of them focuses on the
idea that a task consists of several sequential subtasks and these can be recognized
during execution.

Ikemoto et al. [21] propose a method in which a robot learns when to switch
between several successive sets of desired postures to execute an assisted standing-
up and walking task, while human imitates a parenting role to teach the robot when
to execute the switching. Intermediate desired postures and executing each one
successively to stand-up or walk can be considered to be related to our sequential
subtask idea but their approach is highly specific to a single robot and a task.
Likewise, during the execution of a typical pHRI task, the robot can adapt its
behavior (by altering parameters of interaction controller) once the subtask reflecting
the human’s current intention is identified to increase the performance of the subtask.

In this study, we aim to identify these subtasks as the task is being executed.
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Chapter 3

APPROACH

We hypothesize that a typical pHRI task consists of several subtasks, and in this
study, we first divide a pHRI task into subtasks, then define the human intent as the
desired subtask to be executed. Recognizing subtasks during interaction in real time
is useful as the robot can adapt its behavior and comply with the human intention.
This adaptation can be done by changing controller parameters or switching to a
different controller type, for each subtask. In this way, different subtask requirements
can be addressed easily to increase overall efficiency and decrease human effort. Our
main contribution in this work is the idea of subtask recognition in a real pHRI
scenario.

In this study, we aim to show that subtask recognition is viable and robust to
the possible changes in the system, and furthermore, utilizing an adaptive approach
based on subtask recognition can enhance the task performance during a collabora-
tive task. To demonstrate these, we consider a pHRI task that is composed of salient
subtasks. Human applies force to the robot’s end-effector to move it along a line
while the robot is interacting with the environment to perform a task (e.g. drilling).
To regulate the interaction between human and robot, we use an admittance con-
troller depicted in Figure 3.1. The resultant interaction force between the human,
the robot and the environment can be measured by a force sensor, filtered with a
low-pass filter, and the filtered interaction force, F}., can be fed to the admittance
controller. Then, the admittance controller generates the reference velocity, vy,
which is sent to the robot’s controller.

In such an interaction, the velocity, v, of the robot’s end-effector can be measured
by its internal sensors, while force applied by human operator, F},, can be measured
with an additional force sensor. As mentioned in Chapter 2, velocity, v, human

force, I}, and its derivative, dF;, are utilized to predict human intentions during the
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interaction. These measurements are readily available in most pHRI systems which
makes our approach more applicable.

At each time step ¢, the aforementioned features, x; = [F},(t), dF},(t),v(t)] can be
acquired in real time and be used in recognition. However, a single data point may
not contain sufficient information to recognize a subtask. Instead, it makes more
sense to look at a history of data points, i.e., to work on a time series. Thus, the prob-
lem becomes, given a window of data points of size w containing {x;_,11,..., 2},
what is the current subtask, y € Y, where Y is the set of all the subtasks. The be-
haviors of both the human and the robot is nonlinear, configuration dependent, and
time varying [22] which make the interaction complex and nonlinear. Although one
can attempt to design a rule-based approach utilizing a window of measurements, it
is highly challenging to obtain generic rules to predict human’s intent. Additionally,
a desirable subtask recognition approach should handle variety of conditions which

can be encountered during the execution of a pHRI task:

e Different users can work with the robot.

e Users may get tired or prefer changing their arm configurations, leading to

changes in human arm impedance.

e Different control architectures or parameters may be employed for different

subtasks.

e Robot can interact with different environments.

In short, an approach to recognize subtasks should capture complex and nonlin-
ear relations in data and be robust to variety of conditions mentioned above. We
argue that a ML based approach is suitable to address these challenges more effec-
tively than a rule-based one. In particular, as the data is in the form of a time series,
subtask recognition can be formulated as a time series classification problem and one
among many appropriate techniques such as Hidden Markov Models, Conditional

Random Fields, Convolutional Neural Networks, Recurrent Neural Networks (RNN)
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etc., can be utilized. In this study, we use a RNN, specifically long short-term mem-
ory (LSTM) architecture, for subtask recognition as these are high capacity models

capable of learning nonlinear and complex structures in sequences.

3.1 Experimental Setup and Protocol

We collected data by conducting three sets of pHRI experiments. The first experi-
ment focused on verifying the viability of subtask recognition using ML. The second
experiment focused on assessing the robustness of the trained models based on the
aforementioned requirements. This experiment had multiple different experimental
conditions and we trained our models using data of one condition to test with oth-
ers. In the third experiment, we implemented the model trained with the data of
the participants in the first experiment to show that subtasks can be recognized in
real time and an adaptive admittance controller based on subtask recognition can

improve the task performance during a collaborative pHRI task.

3.1.1 Admittance Controller

v v

ref

Admittance Robot
Controller Y

Human
&
Environment

Y

int

Filter < '

Figure 3.1: Our pHRI control architecture.

An admittance controller architecture is used to regulate the interaction be-
tween human and robot (Figure 3.1). Our admittance controller has the form,
Uret($)/ Fing(s) = 1/(ms + b), where m and b stand for the admittance mass and

damping parameters, respectively.



Chapter 3: Approach 11

During the interaction, subjects apply force to the robot’s end-effector while the
robot is also interacting with the environment. The resultant interaction force is
measured by a force sensor, filtered, and the filtered interaction force, Fy, is fed to
the admittance controller which generates the reference velocity, v, for the robot’s

internal motion controller.

3.1.2  Experimental Protocol

URS5 Robot

Force Sensors
Spring

i

N © |G
NV ([
oy e e
VAT o

(vi)

(1)

Figure 3.2: Experimental setup and visual feedback given to subjects.
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We select our pHRI task to be a one-dimensional (1-D) abstraction of a drilling
process. We restrict ourselves to a 1-D task to have more control over the exper-
imental conditions. During both experiments, subjects interact with a UR5 robot
(Universal Robots Inc.), as shown in Figure 1.1, to perform the task. The environ-
ment is represented by a linear spring where the task is to compress it by a certain
amount starting from an initial position. We define 5 subtasks for this task. These
are in the execution order, idle robot state, grasping the robot handle, moving to-
wards the spring, making contact with the spring and compressing, and holding the
compressed spring. During the experiments, subjects can track the robot’s current
position and the target location on the screen as a visual feedback (Figure 3.2). The
black rectangle labelled as ‘O’ represents the position of the end-effector. The red

rectangle represents the target location. The details of the subtasks are as follows:

St1 Idle: Each trial begins with this subtask where subjects were asked not to touch
the robot handle until the prompt “Get ready for the next trial” disappears
from the screen (Figure 3.2-ii). We considered this subtask to be able to

differentiate whether there the human is present or not.

St2 Holding the handle: Following St1, a prompt, “Grasp the handle, wait for 5
seconds”, was displayed on the screen (Figure 3.2-iii). Subjects were asked to
maintain the current position. The aim is to collect data when the human

grasps the handle to signal the beginning of the task.

St3 Free movement: After St2, a target was shown along with the prompt, “Go
to the target” (Figure 3.2-iv) on the screen. To move to the target, the spring
representing the environment must be compressed. To achieve this, the human
must approach the spring first to make contact. We take this subtask to be
the free movement after St2 and right before contact. Thus, St3 is similar to a
case where the robot is guided by the human to approach a surface to operate

on.

St4 Contact: As soon as St3 ends, contact with environment (i.e. contact subtask)
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begins and this subtask continues till target is reached (Figure 3.2-v). Stabi-
lizing a contact with environment is challenging in pHRI [23,24]. Moreover,
compressing a spring (similarly, pushing a drill to penetrate into a surface)
requires significant effort by the human. Thus, we argue that this should be a

separate subtask.

St5 Hold: When the subject reaches to the target location, the prompt “Hold the
position, wait for 5 seconds” appears (Figure 3.2-vi). This subtask simulates
the case when the users will drill the surface up to a point and maintain this

position some time to finalize the desired clearance.

Durations of St1, St2, and St5 were selected to make them comparable. In St3,
as each participant was free to move with a speed of her/his desire, we could not
foresee the duration of motion. However, due to the nature of St4, duration of St4
is shorter than that of other subtasks.

We would like to mention that it may not be easy to define a boundary between
St4 and St5 due to the nature of contact interactions. However, it is possible to
separate them as well as others in a pHRI task similar to ours. Note that our task
consists of the subtasks mentioned above such that these subtasks can be separated
by expert supervision based on position information alone.

In each trial, subjects were asked to maintain their given arm configurations.
In each experiment, we used several sets of admittance controller parameters since
different controller parameters can be utilized during the execution of a general
pHRI task. The values of these parameters (see Table 3.1) were chosen considering
the stability maps provided by Aydin et al. [24]. During the experiments, subjects
were given a training session before data collection to familiarize themselves with

the experimental setup. Each subject performed back and forth motions as training.

Compliance with Ethical Standards

Ethical approval: The experimental study was approved by the Ethical Commit-

tee for Human Participants of Koc University.
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Informed consent: In this study, all the subjects gave informed consent about

their participation in the experiment.

3.1.8 Data Collection and Preprocessing

We recorded human force, Fj,, using a force sensor and the end-effector velocity, v,
from the internal sensors of the robot, both at a rate of 125 Hz. F} was filtered using
a low-pass filter, and its derivative, dFj,, was calculated using the forward difference
method at each time step. Then, the data was averaged using a sliding window of

size 6. Finally, the data was z-normalized before being input to learning.

3.1.4 Deep Learning Setup

As mentioned in Chapter 3, our machine learning model is a LSTM model with
a softmax output later. The input is a window of sequential normalized data of
length w and the output is the corresponding subtask. To decide on the architecture
parameters, we swept for number of recurrent layers, hidden layer size, and the
window size over the sets of {1, 2}, {21, 22, ..., 219}, {5, 10}, respectively, using the
data collected from the first experiment (Section 4.2). Adam weight update rule
with a learning rate of 0.001, mini-batch size of 32 and a dropout rate of 0.2 before
the output layer to prevent overfitting were used in training of all the models. The
best parameter set was {2,2!9 5} with 96.7 (0.9)% (mean (standard deviation)%)
accuracy. However, this came at the expense of considerable computational burden
during training. Furthermore, accuracy gains were not significant for the more
complex models. We accepted test accuracies over 90% and decided to use the
parameter set {1,2° 5} which resulted in 91.7 (2.2)% average accuracy to reduce
the computational effort. All the LSTM models trained and reported in this thesis

use these hyperparameters.

3.1.5 Ezxperimental Conditions

We used three different springs having stiffness values of Koy, Knom, and Khpign, two

different sets of controller parameters (CPS1 and CPS2), and two different human
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Figure 3.3: Two different human arm configurations.

arm configurations (HAC1 and HAC2) (see Table 3.1 for details). We conducted the

first experiment with EC1. Experimental conditions other than EC1 were devised

after obtaining promising test scores from the first experiment. They were chosen

to investigate the robustness of our approach, based on the situations that are likely

to be encountered during physical human-robot collaboration.

Table 3.1: Experimental Conditions

Stiffness (N/m) | Human Arm Config. | Controller Para. Sets, m [kg], b [Ns/m]
EC1| Kpom = 1000 | HACI (Figure 3.3a) | CPS1: m € {5, 10}, b € {50, 125, 200}
EC2 Kjow = 700 HACI (Figure 3.3a) | CPS1: m € {5, 10}, b € {50, 125, 200}
EC3 | Ky = 1670 | HACI (Figure 3.3a) | CPS1: m € {5, 10}, b € {50, 125, 200}
EC4 | Kupom = 1000 | HAC2 (Figure 3.3b) | CPS1: m € {5, 10}, b € {50, 125, 200}
EC5 | Kpom = 1000 | HAC1 (Figure 3.3a) | CPS2: m € {5, 10}, b € {20, 160, 300}
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Chapter 4

EXPERIMENT-I: VERIFICATION

The first experiment is designed to check whether the subtask recognition concept
is viable or not. This experiment was conducted with EC1 (see Table 3.1). The
purpose is to collect more data on a narrower range of conditions to investigate
subtask recognition in detail and as such, only the controller parameters were varied.
This experiment was completed with 10 participants (9 male, median age: 30).

This experiment consists of 6 (2x3) different controller parameter combinations
(CPS1). During the training phase, each participant performed backward-forward
motions twice with each combination to familiarize themselves with the setup. Dur-
ing the actual data collection phase, each participant did the task 5 times with all
the combinations, resulting in 30 (5x6) trials per participant for a total of 300 trials.
An example evolution of each feature (i.c., v, Fy,, dF},) with respect to time is shown

in Figure 4.1 for a single subject.

0.4 Stl St2 St3St4 St5 40 -40
| | [

0.3 - | i 30 30
02l T7T B ! ™" """120 20
3 -4 Y dF, |!-~‘/\|d_% . =
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E' al I;/’ o O (= R )
0.1 ! ! B 10 10
| [

|

Data distribution
for each subtask

Figure 4.1: Mean and standard deviations of v, F},, dF}, for all trials as functions of
time, collected from a single subject. Percent distribution of data for each subtask
is shown in the colored boxes.
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4.1 The Case Against a Rule-Based Approach

An idea to design a rule-based approach for our pHRI task is to come up with
subtask transition rules using the features, v, F},, dF},. This can be facilitated by
using the means, of the respective features, v!', F!, dF! and standard deviations
observed during example executions, where ¢ stands for a subtask in a trial. We
calculate these means for each subject, then plot the means of means and standard

deviations of means for all subjects in Figure 4.2.
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Figure 4.2: Mean of means of each metric and standard deviation of means for data

of all subjects for each subtask.

These descriptive statistics depicted in Figure 4.2 show that there is no easy way
to differentiate St1 and St2 from each other as all the mean values are very close
to each other. Similarly, distinguishing St3 from St4 is only possible by utilizing
dF!. However, St3 is closely related to how aggressive the human interacts with
robot while executing the subtask, so derivative of force alone may not be sufficient
in practice. On the other hand, St5 can be recognized by F!'. However, a significant
portion of F} is used for compressing the spring. When a softer spring is present

which requires less force, St5 may be confused with other subtasks using this rule.

To sum, constructing a rule-based approach is not a straightforward procedure.



Chapter 4: FExperiment-1: Verification 18

4.2 Evaluation of Our Machine Learning Approach

We first evaluate our models with a modified cross-validation approach. We train
them with the data of 9 participants and testing with the remaining one, and rotate
the tested participant. The resulting mean recognition accuracy is 96.5 (0.8)%. This
shows that subtasks can be recognized with our approach in the given pHRI scenario
with a high accuracy if there is a large amount of training data.

We then increase the difficulty of our evaluation by using another modified cross-
validation approach. For this, we train our models with the data of only a single par-
ticipant and use the data of remaining 9 for testing. The resulting mean recognition
accuracy is still very high, considering the difficulty of the evaluation, 91.7 (2.2)%.
This shows that our LSTM models can learn the essential structure of each subtask
from a single subject. Also, a low standard deviation points out that our subtask
recognition method is subject independent. Evaluations above show that the sub-

task recognition with deep learning is a viable idea.
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Chapter 5

EXPERIMENT-II: ROBUSTNESS CHECK

Having shown the viability of subtask recognition, we consider possible conditions
that can be encountered in pHRI (see Chapter 3). Our proposed method should be
robust to those challenges for practical use.

In this experiment, 5 male subjects (median age: 30) participated and there were
5 different experimental conditions (EC, see Table 3.1) which were all displayed to
each subject (S). For each EC, there were 6 sets of controller parameters similar
to the previous experiment. There were 30 (5x6) trials for each condition and 150

(5x30) trials for each subject.

5.1 Results and Discussion

There were 25 (5x5) pairs of subject-experimental condition combinations (S/EC)
in this experiment. We trained our model with data of an S/EC pair and test the
model with data of the remaining pairs. There were 24 test sets for each model
trained with a pair of S/EC. So, there were 600 (25x24) test accuracies. We present
the mean values and standard deviations of these by averaging out the subjects in

Table 5.1.

5.1.1 Verification of the results of Fxperiment-1

In each train-test combination, except where the models were trained with EC3
(shaded in red in Table 5.1), recognition accuracy was around 90%, which verifies
the findings of Experiment-I, implying that subtask recognition is a viable idea
despite different experimental conditions. Low standard deviations in recognition
accuracies further support that subtask recognition with our approach is subject

independent.
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Table 5.1: Train-Test Sets of the Experiment-II: Mean Recognition Rates (Standard
Deviations) %

Train
EC1 EC2 EC3 EC4 EC5
EC1 | 91.1 (1.2)% | 91.6 (0.9)% | 72.6 (5.8)% | 91.6 (1.1)% | 92.0 (1.3)%
EC2 | 90.8 (1.4)% | 91.3 (1.3)% | 68.2 (2.9) 90.8 (1.6)% | 91.3 (1.5)%
Test | EC3 | 89.2 (1.1)% | 89.8 (1.2)% | 73.3 (5.9) 88.3 (1.3)% | 89.4 (1.3)%
EC4 | 90.5 (1.1)% | 90.8 (1.4)% | 70.8 (4.8)% | 91.1 (1.3)% | 90.9 (1.7)%
EC5 | 89.9 (1.1)% | 90.7 (1.2)% | 70.8 (5.0)% | 90.0 (1.5)% | 90.2 (1.7)%

5.1.2  Robustness to changes in human arm configuration

In EC4, subjects performed the task with a different human arm configuration
(HAC2). Recognition accuracy for the cases where EC4 was included in either
train or test sets was still around 90%. This provides evidence that our approach is

robust to changes in human arm configurations.

5.1.3 Robustness to variations in controller parameters

A different set of controller parameters (CPS2) was used in EC5. When train or
test set contained EC5, recognition accuracy was over 90%. Hence, we can argue

that our method is robust to changes in controller parameters.

5.1.4 Robustness to changes in environmental stiffness

In EC2 and EC3, a lower and higher stiffness values of K., and Ky were uti-
lized. Table 5.1 shows that when EC2 was in either the training or the test sets,
recognition accuracy was around 90%. Moreover, when the test set included EC3,
recognition accuracy was still over 90%. However, when EC3 appeared in training

set, recognition accuracy dropped to around 70%.
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Table 5.2: Confusion Matrix where model is trained with data of S1/EC1 and tested
with data of S2/EC2.

Train
Stl | St2 | St3 | St4 | Sth
Stl | 2386 | 80 11 2
St2 | 150 | 3256 7 2
Test | St3 | 27 192 | 1340 | 31
Std 0 0 81 | 498
Sth 0 0 0 38 | 3120

o | o | O

at
ot

Our results show that our method is robust to variations in task conditions
that we mentioned before as all test accuracies were around 90% except the case
where train set included EC3 (Kygn/HAC1/CPS1). For instance, when we use
the model trained with the data corresponds to EC1, we can still recognize the
subtasks under other experimental conditions. Table 5.2 shows a confusion matrix
of such a case where the model is trained with data of EC1 and tested with data of
EC2. Investigating the confusion matrix reveals that the trained model recognizes
each subtask with high accuracy but mismatches occur mostly at adjacent subtasks.
Those mismatches may indicate that there may be a transitional subtask between
two adjacent ones which we did not consider as we aimed to focus on the recognition
of the salient subtasks. Moreover, the confusion matrix points out that the model
can distinguish St1 from St2 which means that the model can sense whether the
user grasps the handle or not.

As mentioned above, the cases which include EC3 in the training set result in
lower test accuracy. Analyzing the confusion matrix that corresponds to such a
case reveals that most of the misclassifications occur in the recognition of St5 (sce

Table 5.3). Models confuse St5 with St4 considerably.
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Table 5.3: Confusion Matrix where model is trained with data of S3/EC3 and tested
with data of S4/ECI.

Train
Stl | St2 | St3 | Std | St5
Stl ] 2374 | 138 | 30 37 0
St2 | 160 | 3464 | 161 3 0
Test | St3 | 29 | 305 | 2042 | 17 0
Std| 0 0 134 | 512 | 5
Sth| 0 0 4 | 3116 | 32

We investigated this issue by trying various approaches to tackle the drop in the
recognition rates. For instance, we used different LSTM hyperparameters and more
aggressive dropout rates which did not yield considerable improvements. We only

managed to increase the recognition rates by two ways as reported below:

Training the model with combinations of data When models were trained
using the data collected from all subjects under EC3 excluding the data of the
subject in the test set, recognition accuracy increased up to 95%. So, we observed
that, testing the models trained with EC3 does no longer yield low test accuracies. In
particular, recognition accuracy increased to 94.5 (0.8)%, 94.8 (0.5)%, 92.7 (1.3)%,
94.2 (1.9)%, 94.3 (0.8)%, with test sets corresponds to EC1, EC2, EC3, EC4, EC5,
respectively. This suggests that data size should be increased to improve recognition

accuracy of models trained with data collected with stiffer environments (as in EC3).

e We can increase our test accuracy by training all the data collected from all
users except the test user - (Predicting one subject’s subtasks by training the

model with data of the remaining subjects)

e We can increase our test accuracy by training all the data collected from single
subject’s data (Predicting one subject’s subtasks by training the model with

another subject’s data)
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Combining last two subtasks Due to the nature of contact, ”contact” subtask
(St4) is an event-like subtask where the duration of it is significantly smaller than
that of other subtasks (see Figure 4.1). We believe that low test accuracies may be
due to high capacity of the utilized deep learning method, LSTM. The trained models
may have memorized the St4 in such a way that it mainly confuses the St5 with St4.
As we discussed in Section 3.1, we were aware that the boundary between the last two
subtasks (St4 and St5) may not be determined easily by expert supervision alone.
For this reason, unsupervised segmentation techniques [25-30] can be exploited for
determining subtasks which is not in the scope of this study. For the time being,
as a remedy, we investigated combining the last two subtasks into a single one. As
a result, the model trained with data corresponds to springs having high stiffness
(as in EC3) no longer fails in predicting the new combined subtask. Test accuracies
obtained after decreasing the number of subtasks are 91.3%(45.4%), 92.0%(+1.8%),
90.9%(£2.1%), 86.7%(£7.3%), 88.6%(£7.5%), when the corresponding test sets are
composed of EC1, EC2, EC3, EC4, EC5, respectively.
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Chapter 6

EXPERIMENT-III: INTEGRATION OF SUBTASK
RECOGNITION IN AN ADAPTIVE ADMITTANCE
CONTROLLER

So far, we have verified that subtask recognition is a viable approach and robust
against possible challenges that can be encountered in a pHRI task. For the next
step, we implemented an adaptive admittance controller based on the proposed
subtask recognition approach to investigate if recognition in real time is possible

and such an adaptation approach can improve the task performance.

6.1 Experimental Procedure

In this experiment, we considered three different controllers and compared the task
performance under each of them. The first controller, DL, is a variable admittance
controller based on human intent prediction using Deep Learning. Here, the damping
parameter is altered on-the-fly based on the executed subtask as we define human
intent as the subtask being performed. In DL, the subtasks are recognized in real
time based on our proposed subtask recognition approach. To this end, DL utilizes
the LSTM model previously trained with the data collected from all the subjects
participated in Experiment-I. The second controller, GT, named as the Ground
Truth controller, is also a similarly structured variable admittance controller. In
GT, subtasks are recognized using a specifically tuned algorithm for the considered
pHRI task based on the position of the end-effector, which is essentially a rule-based
approach. In other words, subtasks are already hardcoded in the system based on
the end-effector position (rules given in Section 3.1.2 are used for the separation of
subtasks). The last one, B, is a standard admittance controller used as a Bascline

in the comparison where the controller parameters are fixed during the task. We
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selected controllers B and GT such that we can effectively compare DL with them.
In adaptive controllers (GT and DL), only the damping parameter of the admittance
controller is changed to keep the analysis of the experimental results more digestible

(in this experiment, admittance mass value is set as 5 kg).

* — * *
Z05) = <2 L M
= — £ 002 < 0.02
5 5
4 ¢, N il
0 [ S, .

50 [Ns/m] 1125 [Ns/m] [__1200 [Ns/m]

Figure 6.1: Means and standard errors of means of performance metrics calculated
for Experiment I, see Section 6.2 for the definitions. Horizontal bars with * on top
indicate statistically significant difference under the results of two corresponding
damping.

Controller B is a standard admittance controller utilizing a constant mass and
damping parameter. We use B as a baseline in the comparison with adaptive con-
trollers. As the damping parameter, we selected one of the three available damping
values utilized in Experiment-I (see Table 3.1). For the selection, we analyzed the
task performance obtained in Experiment-I (see Figure 6.1) under each damping.
We observed that average velocity under lower damping values was higher. We
found that effort made by the participants reduced at the expense of an increase
in oscillation amplitudes in velocity as the damping parameter decreased. There-
fore, since the moderate damping value utilized in Experiment-I, b = 125 Ns/m,
enables a compromise between improved effort and reduced oscillation amplitudes,

it is selected as the constant damping parameter of controller B.

Table 6.1: Admittance Damping of Adaptive Controllers Associated to Each Sub-
task.

Stl | St2 | St3 | Std | St
200 | 125 | 50 | 200 | 125
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In adaptive controllers, once the executed subtask is recognized, the admittance
damping is altered on-the-fly according to preset damping values as shown in Ta-
ble 6.1. Experts in pHRI have determined these values based on the following
reasons.

At St1, as there is no physical contact between human partner and robot, robot
is not desired to move. So, the damping value is set to the highest value in Table 6.1
to reject possible noise and external disturbances efficiently at this phase.

At St2, human partner grasps the handle attached to the robot. In a real scenario,
this will signal that the execution of a pHRI task is about to begin. For this reason, a
lower damping value is needed to start motion easily. However, much lower damping
values would result in high jerk at the beginning while the human partner adjusts
her/his arm impedance. So, a moderate damping value is selected (see Table 6.1).

At St3, we assume that human partner desires to move the robot with minimal
effort, so the lowest available damping value is selected for this subtask.

At St4, the contact with the environment occurs suddenly while the damping
is already set to a low value, combination of which threatens the stability of the
coupled system most. In order to maintain stability robustly at this phase, we set
the damping to the highest available value in Table 6.1.

At Stb, as the participants try to park while compressing the spring, high damp-
ing value may help precise positioning. However, high damping may result in in-
creased effort by the user. Moreover, the user may change her/his mind and move
to another target location in a practical scenario which requires lower damping. So,
in this subtask, the damping is set to the moderate value.

If a change in the subtask is detected, switching from the previous damping value
to the desired damping of the current subtask occurs linearly in preset time dura-
tion. In preliminary experiments, 3 naive and 2 expert users tested this switching
mechanism with various durations ranging from 16 ms to 500 ms. As users preferred
200 ms over the others, this value is used in this experiment.

We believe that, occasionally, experienced users will prefer lower damping in the
admittance controller to reduce their effort. They, subconsciously, would calibrate

their arm impedance so that stability of the robot will not be jeopardized. In order
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to make a fair comparison between the controllers considered in this experiment,
subjects with no previously interaction experience with the robot were allowed to
participate. 18 naive subjects (9 male, median age: 26.5) participated in this ex-
periment. As there are three different controllers, possible permutations of these
controllers yield 6 different sets. Each set was tested by 3 randomly selected par-
ticipants, while those participants did not participate in sessions for other sets. A
participant tested each controller 5 times in a row to get familiar with the setup.
Then, in the data collection phase, each one executed the task 10 times under a
given controller back to back. After every 10 trials corresponding to each controller,

subjects were asked to complete a short questionnaire.

6.2 Performance Metrics

We use average velocity (v*¢ = 1/(t, — tp) fti v|dt) and average effort (E*¥¢ =
1/(te — tp) ftie | Fj,v|dt) to quantify the interaction performance under different con-
trollers, where, ¢, and t. are the respective beginning and ending times of a subtask
or a trial. In addition, amplitude of oscillations in velocity as a function of frequency
is computed using FFT analysis and A, = 1/(wy — wy) f;dLU v(w)dw for a range of
frequencies is evaluated as a measure to compare the relative dissipation capacity
under each controller, where v(w) is the Fourier transform of v(t), and wy and wy,

are the upper and lower bounds of the frequency range, respectively. The upper

bound is selected as wy = 10 Hz in light of Brooks et al. [25].

6.3 Data Analysis

For each subject, the performance metrics were calculated for entire duration of a
trial. These metrics were also computed for individual subtasks to quantify the task
performance at each subtask. We performed repeated measures one-way ANOVA
to investigate the statistical significance of these results. In all statistical analyses,

a significance level of p = 0.05 was used to test the null hypothesis.
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6.4 Results and Discussion
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Figure 6.2: Means and standard errors of means of performance metrics calculated
for both entire task and individual subtasks (St3, St4, and St5). Horizontal bars
with * on top indicate statistically significant difference between the results of two
corresponding controllers.

Figure 6.2-a shows that utilization of adaptive controllers (GT and DL) reduces effort
considerably during the entire task. This shows that if subtask recognition can be
performed in real time, and damping parameter of the admittance controllers are
altered on-the-fly based on the subtask properly, effort by human can be reduced.
On the other hand, effect of controllers on v** and A, was not significant. The
main reason is that the duration for holding the position during St5 dominates
overall task. In particular, achieving similar velocities in all controllers enables fair
comparison between the controllers in terms of effort since effort is highly depended
on task duration and velocity.

In addition to inspecting the metrics during the entire task, we also evaluated
them for each subtask to compare the effect of controllers on these metrics at each
subtask. Although St1 and St2 was considerable parts of the task, we divided the

subtasks into two groups; non-active subtasks (St1-St2) and active subtasks (St3-
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St4-St5) to see the effect of the adaptive controller on the active subtasks. Since
St1 and St2 involve no intentional movements, there is no need to inspect neither
effort nor velocity. Therefore, we only examined these metrics during St3-St4-St5.

Performance metrics during St3 is illustrated in Figure 6.2-b. We observed that
E®¢ under the adaptive controllers (GT and DL) are significantly lower than that
of controller B. In addition, v*¥® under B is lower than the adaptive controllers as
the participants may prefer to move with lower velocity under this controller, due
to the high effort.

Figure 6.2-c¢ depicts the performance metrics during St4. We observed that
E*¢ under adaptive controllers were significantly lower than that of B. However,
A, under B was significantly lower than that of others. Controller B utilizes a
fixed damping throughout the task wehereas the damping was increased over time
in adaptive controllers during St4. Note that changing the damping adaptively
is a disturbance to the system in essence. So, higher amplitude oscillations are
expected under adaptive controllers. Though, such increased amplitudes should not
jeopardize the stability of the interaction. Note that no instability was observed

under any controllers tested.
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Figure 6.3: Damping profiles under GT and DL from the corresponding trials of a
subject during St3, St4, and St5.
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In Figure 6.3, damping profiles collected from a single subject are illustrated.
Controller GT detects the beginning of St4 as soon as a specific position is achieved
due to its specific tuning, disregarding the actual human intent. On the other hand,
DL seems to capture St4 slightly later than GT, and damping switch is triggered
after a while under DL. However, please note that DL considers the human intent.
As subjects may continue to their movement even in the beginning of contact, DL
continues to render lower damping as it assumes that St3 is continued. This shows a
potential advantage of DL over GT as DL is designed to comply with human intent.

The performance metrics evaluated for Sth are shown in Figure 6.2-d. Inspecting
this, we observed that A, under B was lower than that of DL. Moreover, the lowest
A, was achieved under GT. GT renders the highest damping at St4, regardless of
the human intention. That’s why movement under GT is already highly damped
before St5 begins. So, the lowest A, under GT is expected. On the other hand,
damping may not reach to the highest value before St5 begins under DL. That’s
why higher A, can be expected under DL.

Considering the results mentioned above, it is clear that not only adaptive con-
trollers outperform the baseline one B, but also the controller DL utilizing the pro-
posed subtask recognition approach performs similarly to GT. DL considers human
intent while subtask recognition of GT utilizes a task specific manually tuned ap-
proach. The definitions of subtasks for the experimental scenario are hardcoded in
GT disregarding the human intent. However, we can argue that such an approach
cannot be used for other tasks as even a slight change in the target location degrades
the reliability of GT significantly. On the other hand, DL considers the human intent
and does not use any task specific information (i.e., position) while it still performs
very similarly to GT. Please note that we do not expect DL to outperform GT, but
DL performing in a very similar performance with GT in ideal working condition
of GT is more than sufficient to show the superiority of DL. Unlike GT which is
a rule-based approach specifically tuned for a particular task, DL does not require
fine-tuning for different conditions, and moreover, subtask recognition approach of
DL can also work for complex pHRI tasks. Considering these, we can easily conclude

that not only the proposed approach can recognize subtasks in real time successfully,
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but also utilizing an adaptive controller (i.e., DL) based on this approach is more
desirable as it results in increased task performance while not requiring much effort
to implement.

As the quantitative results presented above show the benefits of DL over GT, we
further evaluated the controllers qualitatively. During the experiments, we requested
the participants to complete a questionnaire. In the questionnaire, we asked the
participants to compare the control techniques in terms of (1) sense of collaboration,
(2) comfortableness, (3) trustworthiness, (4) level of enjoy, and (5) preference. We
did not find any effect of controllers on responses of subjects. So, this implies that
using controller DL results in a significant improvement in task performance while

it does not cause any considerable negative feeling on the participants.
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Chapter 7

DISCUSSION

In this study, we hypothesize that pHRI tasks can be defined as a collection of
subtasks. When these subtasks are recognized in real time, appropiate controller or
controller parameters can be used to improve task performance.

In the literature, most of the researchers define human intent as a low-level
concept, like intention to accelerate/decelerate using features such as instantaneous
velocity /force. Once human intention is estimated using such approaches, how to
make use of those estimated intentions is not clear. Novelty of this work is that we
consider human intention as a high-level concept. We show that when subtask is rec-
ognized as human intent, adaptive controllers can comply with the requirements of
that specific subtask contributing to the improvements in overall task performance.
As a result, our approach yields to a more feasible solution.

In our study, we compare standard admittance controller with adaptive ones.
We show that adaptive controllers based on subtask recognition result in an im-
proved task performance compared to standard controllers. The main difference
between the two adaptive controllers (DL and GT) considered in this study is the
way how the subtasks are recognized by them. DL utilizes a deep learning technique
(LSTM) to recognize the subtaks by considering the intent of the human operator.
On the other hand, GT relies on a subtask recognition approach which is task spe-
cific (i.e., position dependent), disregarding the intention of the human completely.
Supported with both quantitative and qualitative results, we show that DL performs
similarly to GT, while GT is tested under its ideal working conditions (note that
GT was specifically tuned for the pHRI task considered during experiments). A
slight change in the task conditions would make GT useless. On the other hand, DL
would outperform GT as DL will perform robustly to much more challenging pHRI

conditions. Note that DL takes advantage of the subtask recognition approach us-
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ing LSTM which was shown to perform robustly against various challenging pHRI
conditions (see Chapter 5). While doing so, the LSTM model adopted by controller
DL does not rely on any task specific information while predicting the human intent.
Therefore, we offer to use ML to leverage our subtask recognition approach which
is well-suited for applications that involve pHRI.

In this study, we claim that there are universal subtasks which are common
in various physical collaborative tasks. Even though, we only handle five of them
within the scope of this study, one can prepare a larger set of universal subtasks con-
sidering many other pHRI tasks. Once such a universal set of subtasks are defined,
the required actions can be taken by the controllers to meet the requirements of the
recognized subtasks. For instance, a controller having higher damping capacity is
needed to allow precise movements when universal subtasks require high precision.
Our approach could be easily adopted to recognize a larger set of universal sub-
tasks, so this would bring more flexibility in designing task-independent adaptive
controllers. Therefore, systems can be set up with less investment and less labor
force.

Throughout this study, we focused on a 1-D task to increase the controllability
over experimental conditions (especially in Experiment II and Experiment III, see
Chapters 5 and 6) and keep the tractability and digestibility of the results. For
instance, in the second experiment, we challenged our approach by asking partici-
pants to move strictly in longitudinal or transverse directions around two different
human arm configurations, HAC1, and HAC2, respectively (see Figure 3.3). In a
multi-dimensional setup, it would be harder to constrain participants to maintain
their arm configurations, so results would lose their tractability. Also, for the third
experiment, we ran statistical analyses over performance metrics for three different
control techniques. For this purpose in a multi-dimensional task, the experimental
setup should be prepared with more caution since subjects could perform unfore-
seen actions, considerably affecting the results. Thus, interpretation of the findings
would be more difficult. Despite all these, we want to highlight that it is not dif-
ficult to extend our subtask recognition method for a multi-dimensional system, as

we foresee no restriction to do so.
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Chapter 8

CONCLUSION AND FUTURE WORK

In this work, we highlight the idea that many tasks of interest are made of se-
quential subtasks and define human intention as the current subtask to be executed.
These subtasks have different requirements (e.g. moving to a location vs precise
positioning) and require different robot behaviors to be executed efficiently. If the
robot can recognize the subtask that the human is intending to execute in real time,
it can adapt itself. Motivated by this, we put forth the idea of subtask recognition
using a time-window of measured robot velocity, applied human force and its deriva-
tive during the interaction. We formulated this as a time series prediction problem
and proposed a deep learning approach to solve it.

To test our approach, we performed three pHRI experiments involving a 1-D
abstraction of a drilling task. The initial experiment showed that our approach can
achieve high recognition rates (> 90%) even when trained with the data of a single
participant and tested on the rest. This verifies that subtask recognition is viable
with our approach and that it is robust to changes in the human operator. Based on
these results, the second experiment was designed to test the robustness of our ap-
proach in more challenging conditions. In addition to verifying the first experiment,
the second experiment showed that our approach to subtask recognition is robust
to changes in human arm configuration, controller parameters, and environment
stiffness achieving around 90% accuracies for most robustness tests. We further
showed that the low accuracy cases can be alleviated with more data. In the third
experiment, we showed that subtasks can be recognized in real time utilizing our
approach, and an adaptive admittance controller based on subtask recognition can
enhance the task performance while not interfering with the user’s perception. In
particular, we showed that adaptive controllers based on human intent are superior

than baseline controllers since it adapts itself to comply with the user’s intent.
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In our research, we considered that a collaborative task consists of several salient
subtasks which are typically common in many tasks. However, we believe that there
could be some transitional subtasks as well as task specific ones. From this perspec-
tive, dividing a collaborative pHRI task into subtasks is still an open question.

An immediate research direction that our work can take can be following. In most
manufacturing environments, processes have well-defined recipes where labeling of
subtasks for supervised learning could be feasible. However, there could be cases
where this is not practical. An interesting avenue for future research is employing
unsupervised time series segmentation to divide such tasks into subtasks. On the
other hand, in this work, we assumed that the appropriate controller parameters for
each subtask were known a priori. However, selecting a suitable damping parameters
for each subtask is also an open research problem that we aim to tackle in the
future. To this end, another interesting research direction could be altering controller
parameters on-the-fly depending on the performance requirements of each subtask.
Techniques based on reinforcement learning (RL) can be used to find appropriate

policies to better address such requirements.
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