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There is no real ending. It’s just the place where you stop the story.

Frank Herbert, Author of the Dune series



For Eudorah
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mance grade was placed at the bottom of the minigame. The minigame was de-
signed to ensure participants' central focus stayed within a 10� range (� c) around
their central vision. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 23
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2.12 Directionality dependence of key metrics. The failure rate (A) and reaction time
(B) results can be separated by direction. In (C), a zoom-in of failure rates is
shown to highlight differences in the �eld of view. Red arrows indicate where a
threat approached from. The shaded blue region represents the participant's �eld
of view. Legend notation is de�ned as the following: control with TMT minigame
(CM ), control (C), visual with TMT minigame (VM ), visual (V), tactile with TMT
minigame (TM ), and tactile (T). . . . . . . . . . . . . . . . . . . . . . . . . . . . 31
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tactile with TMT minigame (TM ), and tactile (T). . . . . . . . . . . . . . . . . . . 32
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space were smaller than that of the VR space (II). . . . . . . . . . . . . . . . . . . 39

2.17 Participants were tested in three conditions including (I) control view, (II) drone
view, and (III) algorithm view. In all conditions, participants were given feedback
on their health (red bar), their proximity to the goal (colored dashed line), and if
they were hit (red �ash over the screen as seen in II). . . . . . . . . . . . . . . . . 41
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2.18 Diagrammed above is (I) the velocity-obstacle (VO) collision test for a single ob-
stacle for various possible velocities, (II) the VO algorithm output when sweeping
actions when presented with two obstacles, and (III) the human-centric velocity-
obstacle (HCVO) algorithm. The participant is an agent labeled (A) with a current
velocity of ~va. The obstacles and goal are represented by orange and green circles,
respectively. The circles in II and III are a visual representation of the directional
action set. The algorithm view in the head-mounted display shows the information
from the arc in II and the red arrow in III. . . . . . . . . . . . . . . . . . . . . . . 44

2.19 A set of 5 pilot subjects were tested to tune the assumed agent speed and size of the
preferred action space. Failure rate is plotted as a function assumed agent speed
(SA ) and preferred actions space (� action

max ) The red dot identi�es selected parameters
that were used in rest of the experiments. . . . . . . . . . . . . . . . . . . . . . . . 49

2.20 Order of trials in experiments 1 and 2. After initial orientation, the participants
were tested in four sessions. The �rst was a training and remaining were collection
sessions. All had the same setup where the conditions and obstacle number within
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sponses. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 51

2.21 Experiment 1 Key Results: A set of 10 subjects were tested to compare the HCVO
algorithm and base VO algorithm which has no human-centric tuning. The primary
metric of failure rate is shown in aggregate (I) and by obstacle number subset (II).
Secondary variables of change in health (III) and average goal distance (in success-
ful trials) over the conditions (IV) are also displayed. Health is calculated in part
by failure rate and the goal distance (Eqs. Equation 2.3-Equation 2.4). The change
in health is the difference in health from the start of the collection (health started
at 50%). Finally, the human-algorithm agreement is calculated by the difference
in the true dodge and the suggested dodge direction. Histograms displaying how
closely people followed suggestions on average across all trials (as well as the un-
successful subset) is displayed in (V) and (VI). The base VO algorithm-AB and
algorithm-A view condition averages (transparent bars) and individual participant
performances (solid bars) are displayed. . . . . . . . . . . . . . . . . . . . . . . . 54

2.22 Experiment 1 directional investigation. The directional dependence of failure rate
was investigated as well. Because participants were moving, their head direction
may not align with their orientation so several directional effects were checked. In
A we see the failure rate as a function of the obstacles to the person's head. This
shows that when people see an obstacle they can more easily dodge it. In B we
show the failure rate with respect to the participant's velocity on impact. Finally,
we show in C failure rates with respect to dodge direction. Generally, there wasn't
a huge directional dependence when a person is in movement unlike Study 1 and 2. 55

xiii



2.23 Experiment 2 Key Results: A set of 15 subjects were tested to compare the HCVO
algorithm, a drone view and a control condition. The primary metric of failure rate
is shown in aggregate (I) and by obstacle number subset (II). Secondary variables
of change in health (III) and average goal distance (in successful trials) over the
conditions (IV) are also displayed. Health is calculated in part by failure rate and
the goal distance (Eqs. Equation 2.3-Equation 2.4). The change in health is the
difference in health from the start of the collection (health started at 50%). Finally,
the human-algorithm agreement is calculated by the difference in the true dodge
and the suggested dodge direction. Histograms displaying how closely people fol-
lowed suggestions on average across all trials (as well as the unsuccessful subset)
is displayed in (V) and (VI). The control-C, drone view-DV , and algorithm-A
view condition averages (transparent bars) and individual participant performances
(solid bars) are displayed. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 56

3.1 Image from [142]. Describes the typical control architecture for wearable robotics
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3.2 Diagram identifying how situation awareness cues from an AI could be directly fed
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3.6 Three examples of the confusion matrices are shown including the results from the
model when using (A) IMU data, (B) situation awareness data, (C) and then the
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3.9 Identi�ed motion primitives. These include (A) idle where the participant does not
yet move, (B) redirection which includes translation + rotation, and �nally pure
translation (C). . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 72

3.10 On the left, we see a subject-dependent trained model on a single participant. On
the right, we processed additional participants and retrained the model in a subject-
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3.11 Similar to Figure Figure 3.10, we see a subject-dependent trained model on a single
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(estimation), 100ms, 200ms, and 300ms back . . . . . . . . . . . . . . . . . . . . 74

3.12 Forward feature selection was done in an iterative manner to determine the most
important features. Each successive sensor includes the one before it. Enough data
is shown to show the model classi�cation error leveling out to a steady state. On
the top, all features are shown and on the bottom exo speci�c sensors are displayed.
Green underlines correspond to the right leg, red corresponds to the left leg, and
purple corresponds to the back to show the relative importance of IMUs at each
location. For the exo-speci�c case, all keys and lite keys (no orientation) are included. 76

3.13 Bayesian optimization of XGBoost hyperparameters with exoskeleton speci�c sen-
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4.4 Varying speeds and torques must be achieved to ensure versatile bene�ts. Varying
ambulation and lifting conditions are shown above for a 90kg participant. Ambu-
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SUMMARY

This work aims to address fundamental questions and create solutions to improve human ability

and safety in dangerous unstructured environments. People are inherently cognitively and phys-

ically limited. Moreover, we are often perceptually saturated, limiting our ability to respond to

dynamic obstacles such as falling debris, runaway vehicles, or intelligent adversaries. This the-

sis research addresses these mental and physical limitations through three aims. In Aim 1, we

investigate how to effectively communicate with people with various perceptual cues to enable

more effective evasion behaviors. We then present, optimize, and validate a human-centric motion

planner which further improves human ability. In Aim 2, we design machine-learning-based in-

tention recognition algorithms to identify discrete directional motions on of�ine data and identify

lower dimensional motion primitives for real-time control. In Aim 3, we design, characterize, and

validate a quasi-direct drive hip exoskeleton on several activities ranging from cyclic to dynamic

tasks. Long term, these aims could be integrated into an environmentally aware system of mobile

robots monitoring the environment and feeding information to a situation awareness enhancing

active exoskeleton that can assist in daily tasks while also protecting operators from workplace to

war zone.
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CHAPTER 1

INTRODUCTION

1.1 Motivation

The unstructured and dynamic nature of many environments such as construction zones, busy

factory �oors, and disaster sites create risks of collisions between human operators and other ob-

jects/systems. In addition, the growing interaction between humans and robots presents similar

risks to human safety. To ensure safety, many industries currently physically separate personnel

from areas of risk. While this is effective, it can reduce ef�ciency and restricts the types of tasks

that can be performed. It is often advantageous to have personnel to enter unstructured environ-

ments however there are inherently limited in capability.

People are perceptually, cognitively, and physically limited – restricting their ability to per-

ceive, predict, and evade moving obstacles. The Occupational Safety and Health Administration

(OSHA) reports that struck-by hazards are one of the top four causes of construction fatalities [1].

With the rise of increasingly advanced vision systems [2, 3, 4], algorithms' abilities to recognize

dynamic obstacles and predict when collisions will occur continue to improve. To prevent colli-

sions, literature has been robot-centric. Studies have focused on how robots can prevent collisions

[5, 6, 7]. However, in many human-robot teams, the bottleneck is human ability, motivating a need

for human-centric augmentation as an approach to increase safety.

This thesis addresses the need to augment human perceptual, cognitive, and physical ability.

First, inAim 1 (Chapter 2), I investigated how various perceptual cues can inform and improve hu-

man whole-body evasion ability to singular dynamic obstacles in Study 1 and 2 [8, 9]. However, it

remained unclear how to augment human decision-making in more complex scenarios that saturate

cognitive resources [10, 11, 12]. Suggesting dodge actions could provide bene�ts. Thus, I inves-

tigated how human-centric motion planning could assist in multi-obstacle dodges while tracking a

dynamic goal through Study 3A and 3B [13].

1



While effective suggestions can be dispatched to an operator, it is not guaranteed that they can

be followed, due to either movement imprecision or human-algorithm disagreement. Thus it is

necessary to determine true intention to ensure effective physical assistance from a wearable robot.

In Aim 2 (Chapter 3) of this thesis, I developed machine learning-based intention recognition

algorithms to identify low-dimensional human motion primitives. In the primary study [14], I

evaluated and optimized an algorithm to identify labeled dodge directions. An investigation of the

sensor suites was also conducted to provide guidance to future exoskeleton designs interested in

identifying these motion primitives.

Finally, with the true intention determined, InAim 3 (Chapter 4), I investigated how to design

and validate a versatile quasi-direct drive wearable robot to assist in a variety of tasks (Study 6 and

7) [15, 16]. Lower limb exoskeleton studies have already on augmenting steady-state movement

[17, 18, 19, 20] and lifting capabilities [21, 22, 23]. However, research addressing how active wear-

able robots could assist multiple daily activities, identify dynamic movements, and augment these

movements remains investigated. The device created for this aim was used to identify versatile

design and control characteristics to guide future wearable robotic systems.

Broad Impact: Long term, this research aims to make hazardous environments such as con-

struction areas, disaster relief sites, and military zones safer by rapidly communicating safe evasion

paths and assisting dynamic movement. By combining human-centric motion planner suggestions,

machine learning based primitive recognition, and a high torque exoskeleton, I'd expect to see

reduced rates of collisions with respect to native human ability. The knowledge generated from

these aims could improve human-robot teaming, address gaps in human motion identi�cation, and

guide future assistive robotic development. This research will add to existing research focused on

humans in dynamic environments, ensuring a stronger, swifter, and safer workforce.

1.2 Thesis Statement

Environmentally aware, intelligent, cobots will improve human safety and reduce human effort

across domains including construction, disaster relief, industrial factories and other dynamic un-

2
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