IMPROVING HUMAN SAFETY THROUGH MOTION PLANNING, MACHINE
LEARNING, AND AN ASSISTIVE EXOSKELETON

A Dissertation
Presented to
The Academic Faculty

Aakash Bajpai

In Partial Fulfillment
of the Requirements for the Degree
Doctor of Philosophy in Robotics
School of Mechanical Engineering
Institute for Robotics and Intelligent Machines

Georgia Institute of Technology

August 2023

© Aakash Bajpai 2023



IMPROVING HUMAN SAFETY THROUGH MOTION PLANNING, MACHINE
LEARNING, AND AN ASSISTIVE EXOSKELETON

Thesis committee:

Dr. Anirban Mazumdar

Assistant Professor

School of Mechanical Engineering
Georgia Institute of Technology

Dr. Aaron Young

Associate Professor

School of Mechanical Engineering
Georgia Institute of Technology

Dr. Sonia Chernova

Associate Professor

School of Interactive Computing
Georgia Institute of Technology

Dr. Seth Hutchinson

Professor, Executive Director of IRIM
School of Interactive Computing
Georgia Institute of Technology

Dr. Nicholas Waytowich

AI/ML Research Scientist

Human Engineering Research Directorate
Combat Capabilities Development Command
Army Research Lab

Date approved: August, 2023



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

Frank Herbert, Author of the Dune series



For Eudorah



ACKNOWLEDGMENTS

Funding and Research Support

I gratefully acknowledge the funding support from the National Science Foundation Research Tra-
nineeship (NRT) in Accessibility, Rehabilitation, and Movement Science (ARMS): An Interdis-
ciplinary Traineeship Program in Human-Centered Robotics (NSF NRT 1545287). Thank you to
Dr. Ayanna Howard (PI), Lena Ting (Co-PI), Charles Kemp (Co-PI), Randy Trumbower (Co-PI),
Tocarra Houston, older ARMS fellows, and the selection committee of professors who awarded me
this funding. The program was helped me attend Georgia Tech, choose what research I pursued,
and narrow my interests.

Thank you to the National Defence Science and Engineering Graduate (NDSEG) Fellow-
ship (funded through the Office of Naval Research) program for funding and exposing me to
government-funded research. Attending the NDSEG conference and meeting researchers span-
ning from engineers working at FFRDC:s to basic scientists working at ARL, NRL, and AFRL was
enlightening. The network I started to build at the conference lead to several opportunities that I
wouldn’t have been presented with otherwise.

Thank you to the Mechanical Engineering Department and Georgia Tech for awarding me the
Herbert P. Haley Fellowship. Finally, thanks to the National Science Foundation Robotics Initia-
tive for funding the co-Pled grant between my advisors, Rapid Operator Awareness via Mobile
Robotics (NSF NRI 1830498). To my advisors Ani and Aaron, while helping start new labs, with
a new area of research, and being your first co-advised student was challenging, the research we
tacked together was very interesting. The mentorship and guidance provided have been influential
in my career goals and future plans. I would like to thank the members of my thesis committee, in-
cluding Dr. Sonia Chernova (GT IC), Seth Hutchinson (GT IC), and Nicholas Waytowich (ARL),
for their feedback on this dissertation. Thank you.

My research has been very applied and I’ve been able to leverage many of the resoureces at



Georgia Tech. Thank you to the Montgomery Machining Mall Staff including Steven Sheffield,
Scott Elliot, Ashley Andrew, Frank Murdock, Denn Agustin and additional staff who assisted in
fielding my questions and looking at my designs to help make my exoskeleton a reality. Additional
thanks to the administration staff not limited to Ann Lamb, Julia Stackhaus, Nicole Thomas, and
Angela Smith who assisted in ordering whatever was needed for the project from a VR system to
various IMUs.

I was fortunate enough to have multiple research advisors through my undergraduate as I ex-
plored different reasearch areas. Thank you to Dr. Panos Charalambides (PI) and Dr. Kourosh
Kalayeh (graduate mentor) at UMBC, Dr. Srdjan Lukic (PI) and Jimit Doshi (graduate mentor) at
NC State, Dr. Xingyong Song (PI) and Dr. Masood Ghasmei (post-grad mentor) at Texas A&M,
and Dr. Joel Burdick (PI) and Dr. Richard Cheng (graduate mentor) at Caltech. Each of you,
and the lab environments I experienced, had a great impact in determining my graduate school

trajectory and I thank you.

Graduate Friends, Colleges, and Mentees

Special thanks to the friends and colleagues who made this work possible such as my robotics PhD
cohort in DART in EPIC including Zachary Goddard, Raymond Kim, Dean Molinaro, and Ben
Shafer. Additionally, thank you to the many graduate students I've worked with like Adam Foris,
Pooja Moolchandani, Carlos Carrasquillo, Joshua Fernandez, Julian Park, and Divya Iyengar. Big
shout out to DART Lab Hoopers and the Volley Lamas - cheers to the wins, the losses, and the
lessons along the way. Thank you all for the support throughout graduate school, especially in my
first and final years. I hope to be as lucky in the future to be supported in the way I was here at
Georgia Tech.

A big thanks to stellar undergraduates I’ve had the opportunity of mentoring, many of whom are
currently doing fantastic work themselves in industry, government, and academia. They include:
Justine Powell, Kathryn ”Katie” Bruss, Hayden Bartsch, Alexander Lu, Andrea Thomson, Edward

Han, Hang ”Andy” Kim, Rajan Tayal, Mary Seo, Sean Macmullan, Adriana Staten, Matthew

vi



Gebrara, Benjamin Mangel, Nathaly Jose-Maria, Karthik Narang, Maria Rosario-Chinchilla, Tyler
Michael, Simisolaoluwa Adeola, Hyungjun Park, Cole Johnson, Jessica Carlson, Karthik Narang,
Killian Collins, David Claffey. Best of luck to the current and future team of undergraduates on

the VR Exo Team who have fantastic mentors in Carlos and Divya.

Personal Support

I’d also like to deeply thank my parents and brother who ensured I grew up in a safe and intellectu-
ally nourishing environment. Moving around within the states is a challenge in itself, I can’t even
imagine moving to another country with different customs, culture, and people. Growing up as the
son of middle-class Indian immigrants was formative to who I am today and I wouldn’t be nearly
the same person without their influence. Thank you Sagar, Papa, and Mummy.

Thanks to the Meyerhoff scholars program including Mr. Keith Harmon, Ms. Mitsue Wiggs,
Dr. Jacquiline King, Ms. Avana Abreu, Ms. Sharon Johnson, Ms. Alicia Hall, Mr. Michael
Goodwin, and the Meyerhoffs (and their partners) here in Atlanta I’ve had significant contact with
(Myela Paige, Jordyn Schroder, Tania Evans, Justin Hosten, Joshua Fernandez and Cat Fernandez).
Thank you to the range of Meyerhoffs who have given advice, the friends from my own cohort
(M26) and the M30s who I’'m happy to have seen succeed well beyond the M26 counselors’ dreams
for you all.

Thank you to the many friends I’ve been fortunate enough to stay in contact from high school
and undergraduate with including Ryan Din, Madison Mariah, Adam Goad, Michael Rowley, and
Minhquan Tran, Matthew Dodge, Sophia Lopresti. Thank you for always being available to chat
no matter the distance and for being a sounding board as we’ve all grown in life in the past decade.

Personal progress in both Eudorah’s and my life wouldn’t be possible without the friendships
of Raaven Goffe, Kaitlyn Corbett, Ben Shudak and Harrison Goodhall. Eudorah introducing me
to many of you and becoming closer as a group has been nurturing. Pasing time in the park to
dancing the night away will be memories I’ll be fond of for a long time to come. Also, I am

looking forward to seeing everyone as often as possible in the next stage of life. Seeing Harrison

Vil



graduate and move is the beginning of a great cross-country friend network!

Thank you to my wife’s family and especially to her mother, Capreace Vital, and her sisters,
Symirah and Laylah, who I’ve been fortunate enough to spend trips and holidays with. While
we’ve been located all up and down the east coast, it’s always a blast to get together.

Most importantly, thank you to my wife, Eudorah. She has been my idol, my advocate, my
confidant, and my inner peace. I am so thankful we were able to meet in undergraduate and move
to graduate school together. I am thankful we were able to grow up and with each other over the
past 5 years. We got two awesome and spoiled dogs, went on many trips, and tried so many foods.

Thank you for saying yes to being my “who” and marrying me.

Figure 1: E, Thank you for teaching me to better learn from my mistakes, not obsess over things
outside of my control, and live in the moment. I have no idea where I'd be without your guidance,
friendship, admiration, and love. - A

viii



2.1

2.2

2.3

24

2.5

2.6

2.7

3.1

4.1

LIST OF TABLES

All Directions Two-Way ANOVA Tests . . . . . . . . .. ... ... . ...... 27
All Directions Post-Hoc Tests . . . . . . . . . . .. .. . . . ... 28
Field of View Two-Way ANOVA Tests . . . . . . . . . .. .. ... ... ... 29
Field of View Post-Hoc Tests . . . . . . . . . . .. ... .. .. ... ... ... 29
HCVO Parameter Values . . . . . . .. ... .. ... ... .. ... ... 47
Experiment 1 Data and Paired T Tests: By Obstacle Number Subsets . . . . . . .. 53
Experiment 2 Data and One-Way ANOVA Tests: By Obstacle Number Subsets . . 57
Algorithm Classification Accuracy Results . . . . . .. ... ... ... ... .. 69
Impedance Control Parameters for Various Tested Conditions . . . . . . . . .. .. 93

1X



1.1

2.1

2.2

2.3

24

LIST OF FIGURES

E, Thank you for teaching me to better learn from my mistakes, not obsess over
things outside of my control, and live in the moment. I have no idea where I’d be

without your guidance, friendship, admiration, and love. - A . . . . .. ... ...

Example of a person who is perceptually engaged in an activity while walking. The
three aims of this thesis are highlighted. In Aim 1, an Al is monitoring the environ-
ment until a threat is detected and a suggestion is dispatched to the participant. In
Aim 2, the system is then reading the person’s intention through wearable sensors
and recognizing where they truly plan to move which may disagree with the AI’s
suggestion. Finally, in Aim 3, the participant is assisted with a wearable robot to

dodge the incoming obstacle. . . . . . . . .. ... .. ... ... .. . ...

Environment used in the Aim 1. Study 1 was similar to Study 2 (A) but without the
visually engaging minigame. In Study 3, participants could move around the space

to track a green goal (B) while dodging multiple obstacles in the environment (C). .

Subject in custom Virtual Reality (VR) game receives audio, tactile, and visual
cue of an oncoming threat from behind and physically moves to evade it. On the
right is the adjustable tactile belt used. All cues indicated where obstacles were

approaching from. . . . . . . . ... L Lo

Virtual reality game example. The subject, aided by the visual cue, has unsuccess-

fully dodged and will come back to center when the objectresets. . . . . . . . . ..

Comparison of cue modality performance across subjects. A/B show box-and-
whisker plots detailing comparisons of each condition of individual and combined
cue modalities in terms of failure rate (A), and reaction time in ms (B). Red + de-
note outliers. D/E aggregate data to include all cue combinations with and without
a specific cue modality for failure rate (C) and reaction time (D) in ms. Error bars
represent 95% confidence intervals and stars (*) represent statistically significant
differences (p<<0.05). Conditions included audio (A), tactile (T), and visual (V).

Multi-letter bar labels are combinations of thesecues. . . . . . . . . . . . .. ...
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Directional comparison of selected cue modes. Note that only one object was ever
activated at one time. 90 degrees is the direction the subject is initially facing. This
polar plot highlights the differences between failure rate (A) and reaction time
(B) and their relationship to the threat's approaching direction. In both, only four
conditions are displayed, missing conditions do not show any statistical difference
(fromT,V, TV)andareomitted. . . . . .. .. ... ... .. .. ... ...... 17

Index of Dif culty. On the left (A), a contour plot shows the index of dif culty's
relationship with speed and width. On the right (B), failure rates of certain cues are
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do not show any statistical difference and are omitted. . . . . . . . ... ... ... 18

Previous work on perceptual cues to assist in a dodging task. (A) Comparison of

the base cases of audio, control, tactile, and visual cue responses (A, C, T, V). (B)
Grouping cue combinations into Non-Audio (T, V, T-V) and Audio (A, A-T, A-V)

show that the addition of audio cues elicits signi cantly higher failure rates. . . . . 21

Schematic of Task 2. Participants used the VIVE remote as a cursor. Cursor his-
tory was traced on TMT minigame. The overaHl)(and round scoresS{) were
displayed at the top right and left, respectively. Additionally, color-coded perfor-
mance grade was placed at the bottom of the minigame. The minigame was de-
signed to ensure participants' central focus stayed within ardige () around
theircentral vision. . . . . . . . . . L 23

Dif culty contour. Thinner slower objects are less dangerous and havd Jow

Thicker faster objects are more dangerous and have d higbreen points indicate

the speci ¢ values tested, multicolored lines represent interpolated values. This
Fitt's law is the same equationused in Study 1. . . . ... ... ... ... .... 25

2.10 The example (A) shows the participant's training failure rate being high initially

and then performing better over time and eventually reaching a steady state. The
subsequent collection period (B) exhibits approximately the steady state failure rate
quickly. . . e e 26

2.11 Results of all obstacles (A/B) and the subset of those within the eld of view (D/E)

are shown. Failure rate (A/D) and reaction time (B/E) are reported. The contin-
uous TMT (C) and the tag rate (F) of this secondary task is shown. Results are
shown with averages (transparent) as and individual performances (solid). Stars
(*) represent statistically signi cant differences. . . . . . .. ... ... ... ... 28
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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
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(Cwm), control C), visual with TMT minigame Yy ), visual /), tactile with TMT
minigame Ty ), and tactileT). . . . . . . . . . . . . . ... .. .. 31

2.13 Effect of dif culty index on failure rate in the all directions category. On the left
(A) the single task (task 2 not present) results are shown and, on the right, (B) are
the dual task results. Legend notation is de ned as the following: control with
TMT minigame Cy ), control C), visual with TMT minigame Yy, ), visual {/),
tactile with TMT minigame{y ), and tactileT). . . . . . . . .. ... ... ... 32

2.14 Average scoring rates of different cue conditions. Both average (transparent) and
individual performances (solid) bars are provided. No statistically signi cant dif-
ferences were detected. Axis notation is de ned as the following: tactile with
TMT minigame {Ty ), visual with TMT minigame Yy ), and control with TMT
minigame Cup ). -+« « o o 33

2.15 In (), a warehouse oor is shown with a runaway robot on a potential collision
path with the individual [106]. In (ll), we see an autonomous roller compactor
with damaged sensing while the person is engaged in a task. Finally, in (Ill) we see
a war ghter's options to dodge toward a goal in a safe manner to evade dynamic
obstacles. We introduce a motion planner that suggests achievable, safe, goal-
oriented actions (red arrow in Il and Ill). The algorithm also displays other valid
actions (white arcs) a participant may execute, leveraging the bene ts of human
intuition with planner feedback. . . . . . . . .. ... ... L o oL 35

2.16 The virtual environment (1) was bounded by anléadius circle. Obstacles would
approach from various directions on linear paths. A dynamic goal would move
unpredictably requiring participants to visually engage and track the goal. Their
health score increased at higher rates, the closer the participant was to the goal.
Health was lost when they were hit by obstacles. The boundaries of the virtual
space were smaller than that of the VR space (Il). . . . ... .. ... ... .. .. 39

2.17 Participants were tested in three conditions including (I) control view, (lI) drone
view, and (Il1) 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 screenasseeninll). . ... ... ... ...... 41
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2.18 Diagrammed above is (l) the velocity-obstacle (VO) collision test for a single ob-
stacle for various possible velocities, (1) the VO algorithm output when sweeping
actions when presented with two obstacles, and (lll) the human-centric velocity-
obstacle (HCVO) algorithm. The participant is an agent labeled (A) with a current
velocity of w. The obstacles and goal are represented by orange and green circles,
respectively. The circles in Il and Il are a visual representation of the directional
action set. The algorithm view in the head-mounted display shows the information

fromthe arcin ll and thered arrowinlll. . . . . . . . .. ... .. ... ..... 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 spacé$°") The red dot identi es selected parameters
that were used in rest of the experiments. . . . . . . . . ... ... ... ......

2.20 Order of trials in experiments 1 and 2. After initial orientation, the participants
were tested in four sessions. The rstwas a training and remaining were collection
sessions. All had the same setup where the conditions and obstacle number within
conditions were randomized. Each trial consisted of fteen successive dodge re-

SPONSES. . . . . o e e e e e e e e e e e 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 (I1).
Secondary variables of change in health (lll) 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 algorAnand
algorithm-A view condition averages (transparent bars) and individual participant
performances (solid bars) aredisplayed. . . . . . . .. ... . ... ... ... ..

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.
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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 (Ill) 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 (Egs. 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 contrdl-, drone viewbV , and algorithmA
view condition averages (transparent bars) and individual participant performances
(solid bars) aredisplayed. . . . . . . . . .. ... 56
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3.3 The experimental setup (A) included suggestions provided by visual cues, tactile
cues, or combinations of both. Participants were asked to follow the suggestion
which were always orthogonal to obstacle approaches, as shown in this example of
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dodges in distinct cardinal and intermediate directions similar to a simple rose
COMPASS. . . o v v v vt e et e e e e e e e e e 66
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two combined together. . . . . . .. ... 69

3.7 Sensor placement (IMUs and EMG) and marker locations [125]. IMUS located
on lower back, left and right upper thighs. EMGs located on e Tibialis Anterior,
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Adductor Magnus, and Gluteus Maximus. . . . . . . . . .. . ... ... . ... 71
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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-
lation data from N = 22 dataset [184] and lifting data from N = 12 dataset. . . . . . 86

Key features of the ARES actuator. To ensure reduce the chance of play due to
machining imprecision, a clamp (A) was designed into the partial spur gear and (B)
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4.10 Example participant for initial dynamic movement collection. In (A) we show
the hip angle and torque. The positive work portions of motion are noted with a
black line at 10 while O is negative work. (B) shows a torque-angle diagram of
movement with thicker colored segments noting distinct positive work portions of
the movement. Linear lines could be t to identify spring constants. (C) and (D)
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4.20 Examples of various assistance levels for a dynamic forward dodge. A hard limit
of 140Nm is reached from the actuator's rated peak torque. While this saturation
may not be a big difference between 45 and 60% assistance, it allows the orthosis
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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), | 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, | inves-
tigated how human-centric motion planning could assist in multi-obstacle dodges while tracking a

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



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, | developed machine learning-based intention recognition
algorithms to identify low-dimensional human motion primitives. In the primary study [14], |
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, Mim 3 (Chapter 4), | 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-
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